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Abstract 
 

The coupling between Sea surface temperature anomalies (SST’) and rainfall isan important 
driver of tropical climate variability. Observations however reveal inconsistencies, such as decreased 
convective rainfall in regions with positive SST’ in the tropical Indian and Atlantic Oceans during 
and after El Niño Southern Oscillation (ENSO) events. The upper troposphere warms during El Niño 
events, stabilizing the atmosphere. SST’only account for the influence of the surface. Using 
theoretical arguments, we show that relative SST anomalies (RSST’; defined as SST’ minus 
theirtropical mean), byalso accounting for the influence of upper tropospheric signals on stability, 
explain tropical convection interannual variations better than SST’ in observations and climate 
models. This relation further improves when RSST’ is weighted by the precipitation climatology to 
account for low and high-precipitation regimes. RSST’ isthus a useful indicator to understand ENSO 
teleconnections,and interactions between modes of tropical climate variability.  

 

Key points 
 Relative Sea Surface Temperature anomalies (RSST’)aredefined as SST anomalies minus 

their tropical mean 
 RSST’, rather than SST’, drivestropical convection interannual variability, especially when 

weighted by climatological precipitation 
 RSST’ account for the ENSO-induced upper-tropospheric temperature signal influence on 

stability, and explain ENSO teleconnections better 
 

Keywords:  
Air-sea coupling, relative Sea Surface Temperature (RSST), interannual variability, El Niño 
Southern Oscillation (ENSO), teleconnections, tropical rainfall and precipitation, deep atmospheric 
convection, atmospheric stability. 
 

Plain language summary 

Rainfall is an important driver of coupled air-sea climate variability in tropical regions,through 
itsinfluence on atmospheric motions. Sea surface temperature anomalies influence tropical rainfall,as 
a warm anomalyis expected to destabilize the atmosphere, yielding a rising motion and increased 
rainfall. Decreased rainfall however sometimes occur over positive sea surface temperature 
anomalies, notablyduring El Niño events, because these events tend to warm the upper atmosphere in 
the entire tropics, hence stabilizing the atmosphere and inhibiting rainfall.We show that the relative 
sea surface temperature, defined as the sea surface temperatureminus its average over the tropical 
oceans, explains precipitation anomalies better than sea surface temperature. Relative sea surface 
temperatureisthus a simpleand powerful indicatorto better understand year-to-year climate 
variability, notably El Niño Southern Oscillation influence on rainfall in the Atlantic and Indian 
Oceans, and its interactions with other tropical ocean-atmosphere coupled modes. 
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1. Introduction 

Tropical rainfallvariability has strong socio-economic and environmental impacts, notably in 

the vulnerable, heavily populated, tropical regions (e.g. Gadgil and Gadgil 2006; Boko et al. 

2007).Convective rainfall, which accounts formost of the tropical rainfall, plays a key role in tropical 

atmospheric motions. For instance, the latent heat release due to deep-atmospheric convection over 

the Indo-Pacific warm pool energizes the Walker Circulation (e.g. Gill 1980). A necessary condition 

for deep atmospheric convection to occur is a Sea Surface Temperature (hereafter, SST) 

exceeding~28°C (e.g. Gadgil et al. 1984; Graham and Barnett 1987), as it destabilizes the 

atmosphere. The link between SST and convective interannual anomalies plays a key role in shaping 

tropical climate variability. During El Niño Southern Oscillation (ENSO) events, for instance, 

positive SST anomaliesinduce enhanced convection in the central Pacific, thereby yielding westerly 

wind anomalies and an equatorial Pacific oceanic response that will further strengthen the initial SST 

anomalies. This positive feedback that allows the growth of El Niño events is known as the Bjerknes 

feedback. It also plays a key role in the development of the Indian Ocean Dipole (IOD; e.g. Saji et al. 

1999) and Atlantic Niño (e.g. Merle 1980), which are intrinsic climate modes in the Indian and 

Atlantic Oceans, respectively. 

This crucialSST-convection relation is however far from perfect, as illustrated on Figure 1. 

Figure 1a shows the lag-correlation between the El Niño peak intensity and the tropical Indian Ocean 

SST and rainfall interannual anomalies. The Indian Ocean tends to warm during and after El Niño 

events, a response to ENSO referred to as the IndianOcean Basin Mode (IOBM; e.g. Klein et al. 

1999) and related “capacitor effect” (Xie et al. 2009).This warming is the result of the eastward shift 

in the Walker circulation,which induces increased subsidence and downward solar radiation (e.g. 

Lau and Nath 2003) and reduced evaporation over the Indian Ocean (e.g. Ohba and Ueda 2005). This 

Indian Ocean warming however does not enhanceregional rainfallfrom September to February,but 

rather leads tonegligible or negative rainfall anomalies. A similar mismatch between SST and 

convective anomalies occurs over the Tropical Atlantic. Reduced winds and evaporation also induce 

a tropicalNorth Atlantic (TNA) warming during the years that follow El Niño events (e.g. Garcia-

Serrano et al. 2017), inassociationwith negative rainfall anomalies (Fig. 1b). The relation between 

SST and convective anomalies is hence not always consistent with the simple principle that warmer 

SST destabilizes the atmosphereand increases rainfall over the tropical Indian and Atlantic 

Oceansduring ENSO events. This mismatch between convective and SST anomalies is likelydue to 

two factors. 
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First, atmospheric stabilityis not only determined by surface properties, but also by anomalies 

in the upper troposphere, as demonstrated by Neelin and Held (1987).Those authorsdefined gross 

moist stability (GMS) as the difference of Moist Static Energy (MSE) between the surface and upper 

troposphere and showed that precipitation(P) tends to be inversely proportional to GMS (P≈F/GMS, 

Fbeing a constant). Based on partly-similar arguments, studies (e.g. Vecchi and Soden 2007; Vecchi 

et al. 2008; Ramsay and Sobel 2011) aimed at understanding the tropical cyclones response to 

climate change showed thatthe tropical cyclones potential intensity (PI) rather depends of the relative 

SST (hereafter RSST), defined as the local SST minus its tropical mean (denoted <SST>). The 

underlying idea is that RSST can be used as a proxy for changes in atmospheric stability (and hence 

tropical cyclones) in a warming world. Temperature in the upper tropical troposphere is relatively 

homogenous, due to the fast (~1-2 months) adjustment timescale of equatorial waves in the free 

atmosphere (e.g. Sobel and Bretherton 2000; Chiang and Sobel 2002): this is the commonly-

usedWeak Tropospheric Gradient (WTG) approximation (Sobel et al. 2001; Ramsay and Sobel 

2011). Hence, since the tropical troposphere tends to follow the moist adiabatic vertical profile (e.g. 

Stone and Carlson 1979), the upper troposphere will tend to warm uniformly under climate change, 

so that what matters for changes in atmospheric stability (and hence tropical cyclones) are deviations 

from the mean surface warming, i.e. RSST. Johnson and Xie (2010) used this property to explain that 

the “threshold” for deep atmospheric convection will increase at the same rate as the tropical mean 

SST in response to anthropogenic climate change. RSST has to date mostly been used in theglobal 

warming context, for instance to understand the spatial patterns of changes in tropical cyclones (as 

afore-mentionned), in the hydrological cycle (e.g. Xie et al. 2010), and to define ENSO 

events(Williams and Patricola 2018) and theirconvective signature (Johnson and Kosaka 2016)in a 

warming world. RSST also allowsisolatingtheENSO and IODsignalsin the context of global cooling 

induced by tropical explosive volcanic eruptions (Khodri et al. 2017, Izumo et al. 2018).RSST is 

finally useful forcharacterizing the influence of the equatorial Pacific bias in climate modelson the 

Walker Circulation and on ENSO (Bayr et al. 2018, 2019ab). While the above studies largely 

appliedthe RSSTconcept in a global warming/cooling context, Johnson and Xie(2010) remarked that 

it also seems to explain year-to-year variations of the SST threshold fortropical convectionin the 

Coupled Model Intercomparison Project (CMIP) database (cf. discussion of their figure 2b). This 

suggests that the RSST concept can also be used to account for the effect of variations in upper 

tropospheric temperature on stability at the interannual timescale. The entire tropical troposphere 

indeed tends to warm (cool)duringand after El Niño (La Niña) events (Fig. 1cde), increasing 

(decreasing) the atmospheric stability. The better agreement in Fig. 1ab between the Indian Ocean or 

Atlantic basin-averaged precipitation and RSST anomalies (hereafter RSST’), than with SST 
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anomalies (hereafter SST’), suggest that the RSST concept can also be used at the interannual 

timescale. Our first objective in this paper is to formally show why RSST’ controls atmospheric 

stability at interannual timescale (section 2), and to demonstrate that precipitation and convection 

interannual anomalies are better explained by RSST’than by SST’(section 4). 

A second possible cause for mismatches between SST and rainfall anomalies, e.g. on Figure 

1ab, is the non-linearity of the SST-precipitation relationship. As already noted, tropical deep 

convection indeed occurs above ~28°C in the present climate (e.g. Gadgil et al. 1984; Jauregui and 

Takahashi 2017). This impliesthat SST variations mostly influence rainfall in climatologically-high 

SST regions (e.g. He et al. 2018).Previous studies(Sobel et al. 2002; Flannaghan et al. 2014, 

Flueglistaler et al. 2015) have defined a tropical mean Precipitation-weighted (or “rainy”) SSTto take 

this effect into account. The simple idea is to give more weight to SST in regions where it rains 

more. Because we aim at explaininglocal rainfall anomalies, our second objective in this paper will 

be totestif a weighting of the RSST by the precipitation climatology further improves its agreement 

with precipitation/convection by implicitly accounting for the climatological SST distribution. 

In section 2, we develop theoretical arguments to explain why RSST’ should be a proxy of 

interannual precipitation anomalies, especially when weighted by climatological precipitation. In 

section 3, we briefly present the data and methods used (described in detail in the online 

supplementary material text S5). In section 4, we first demonstrate that RSST’area better proxy of 

tropical precipitation anomalies than SST’, because theyintegrate the effect of the upper-tropospheric 

temperature anomalies on the atmospheric stability, in particular in the Atlantic and Indian Oceans 

and around the maritime continent during ENSO events. We will then define a climatological 

Precipitation-weighted RSST’ (PcRSST’), and show that it performs even better for explaining 

anomalous precipitation patterns. We discussour results - strengthened by analyses of 36 CMIP 

models in the online supplementary material - in section 5, including implications for a better 

understanding of interactions between modes of tropical climate variability. 

2. RSST as a proxy of atmospheric stability 

Here we summarize the main steps of our theoreticaldemonstration explaining why gross moist 

stability (GMS) and precipitation interannual anomalies P’( ′ , with	the overbar denoting 

the monthly seasonal cycle)respond to RSST’(see online supplementary material texts S1 and S2 for 

a complete derivation and more thorough discussion of the approximations involved). GMS is 

defined as: 

GMS	 	 	–	  
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wherethe t and s subscripts respectively denote the upper troposphere (300 hPa level,e.g. Fueglistaler 

et al. 2015) and surface,m is the Moist Static Energy (MSE; q 	 	 	 q 

wheresis the dry static energy,Lv the latent heat of vaporization,qthe specific humidity, Cp the 

specific heat at constant pressure,Tthe temperature, g the gravitational constant and zthe altitude.The 

tropical atmosphere approximately follows the moist adiabatic lapse rate (Stone and Carlson 1979), 

so that  ′ ′, where <> denotes the 20°N-20°S tropical mean (cf. Supplementary text 

S5A discussing this choice). The upper troposphere is almost dry, and its MSE hence mainly 

depends on temperature: 	 	 	 	 / 	 , where R is the ideal gas 

constant and Mair the air molar mass . Finally,Tt’is rather uniform across the tropical band (WTG 

approximation; Sobel et al. 2001), so that ′ 	 ′.Given all these approximations, the GMS 

anomalies are given by ′ 	 ′ 	 ′ . 

If we assume an almost constant relative humidity (typically around 80% in the tropics), and a 

7%change in specific humidityqsper °C of SST change (linearization of Clausius-Clapeyron), then 

ms’ = Cp Ts’ + Lv qs’  (Cp + 0.07 Lv s) Ts’, i.e. MSE’ is proportional to SST’. Therefore, to the first 

order, GMS’≈(Cp + 0.07 Lv s)(<Ts’ > – Ts’). AsRSST’=Ts’– <Ts’ >, we obtain: 

GMS’  ≈ -(Cp + 0.07 Lv s) RSST’  

Finally, exploiting thetheoretical relation between GMS and precipitation derived by Neelin and 

Held (1987), we obtain: 

P’ ≈ RSST’ (Cp + 0.07 Lv s)/  

I.e., precipitation interannual anomaliesshould be proportional to RSST’. The proportionalityconstant 

depends of the climatological mean state,and is in particular proportionalto ,and henceexpected to 

be larger in regions of high climatological precipitation and SST. 

In this section, we have shown that RSST’ should be a proxy of tropical precipitation 

interannual anomalies, in particular when weighted by climatological precipitation. This derivation 

nonethelessinvolved several strong approximations (for instance the upper tropospheric signal is not 

completely homogeneous, Fig. 1d). Section 4 will however demonstrate that RSST’ and Pc-RSST’ 

are indeed better proxies of tropical precipitation and convection interannual anomalies, hence 

justifying our strong assumptionsa posteriori.  

3. Data and methods 

We only give a brief summary of our data and methods here, with acomprehensive 

description in the online supplementary material.We use the OISSTv2 SST product (Reynolds et 
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al. 2002), NCEP2 reanalysis (Kanamitsu et al. 2002) for temperature at 300 hPa and NOAAClimate 

Data Record (CDR) Outgoing Longwave Radiation (OLR; Hai-Tien Lee and NOAA CDR Program 

2018) as a proxy for deep atmospheric convection, and CMAP1 precipitation(Xie and Arkin 1997). 

All the analyses are performed on monthly anomalies relative to the mean seasonal cycle, over the 

November 1981 to 2018 period. The anomalies are smoothed to remove unwanted intraseasonal 

frequencies prior to analysis. The results are robust when no detrending or smoothing is applied (cf. 

Supplementary Figure S2). We use classical indices of the interannual tropical climate variability, 

based on average SST anomalies: the Niño3.4 index for ENSO, Dipole Mode Index (DMI)for the 

IOD andtheAtl3index fortheAtlantic Niño. 

4. Results 

Figure 2a shows the correlation between precipitation and local SST’. There is a positive 

correlation, often above 0.4 (and up to above 0.8 in the central equatorial Pacific), in most rainy 

regions in the tropics, illustrating the tendency for positive SST’ to destabilize the atmosphere and 

induce more convective rainfall (and vice-versa for negative SST’). This relation is particularly 

strong in the central equatorial Pacific and on the southern flank of the Pacific inter-tropical 

convergence zone (ITCZ) due to the strong ENSO signal there. At timescales longer than the 

intraseasonal one, this relationship illustrates the response of atmospheric deep convection to SST’ 

(e.g. Gadgil et al. 1984, Graham and Barnett 1987), except in dry, subsident regions where cloud 

negative radiative feedbacks can dominate (e.g. He et al. 2018). Overall, SST’hence explain a 

significant part of the deep convection interannual variability in tropical rainy regions. 

Our first objective in this paper is to test the added value of RSST’for explaining tropical 

convection interannual variability. Figure 2b shows the same analysis as Figure 2a, but based on 

RSST’, and panel c shows the differences between the two panels. This figure indicates that RSST’ 

is a better proxy of convection interannual variability over tropical rainy regions than SST’. This 

improvement is particularly evident over the warm-pool areas, i.e. over the western equatorial 

Atlantic, the central and eastern equatorial Indian Ocean, the maritime continent and the western 

Pacific where correlation increases by up to ~0.35 (Fig. 2c). The improvementis even better(up to 

~0.5) when using a better-observed deep atmospheric convection proxy (OLR; Online supplementary 

material;Fig. S1).A qualitatively similar improvementis also evidentwhen performing similar 

analyses in the CMIP5(IPCC 2013) database(with obviously some differences related notably to 

models typical climatological biases; Fig. 2d;Supplementary Fig. S3, Fig. S4, and texts S3 and S4). 

Conversely, RSST’ do not perform better than SST’ to explain rainfall interannual variations over 

the central and eastern equatorial Pacific. 
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Let us now discuss the reasons for this improved RSST’ performance. As mentioned earlier, 

RSST’ encapsulate the effect of the upper tropospheric temperature anomalies on gross moist 

stability, while SST’ do not. Those upper tropospheric temperature anomalies are quite uniform 

across the tropical band (Fig. 1d), and strongly correlated to the tropical-mean SST’(Fig. 1c,e),and to 

ENSO signalwith a 1-2 months time lag(Fig. 1c). The tropical mean SST’ component of the RSST’ 

expression hence largely captures the stabilizing (destabilizing) effect of the upper tropospheric 

warming (cooling) on the atmosphere during El Niño (La Niña) events. In the Pacific, this effect is 

small relative to the much larger effect of SST’. This explains the similar performance of SST’ and 

RSST’ in the central and eastern Pacific regions. The northern half of the South Pacific Convergence 

Zone (SPCZ) is the only region showing a slightlydegraded performance of RSST’(Fig. 2c), most 

likely because ENSO-related circulation anomalies (e.g. Vincent et al. 2011) also influence rainfall 

variations in this region. On the other hand, the improved performance of RSST’ over the Indian and 

Atlantic oceans and maritime continent suggests that the ENSO-induced tropospheric temperature 

signals play a relatively strong role in controlling the atmospheric stability interannual variations 

there. Below, we examine this by investigating the ENSO teleconnection patterns to the Atlantic and 

Indian Oceans in terms of SST’, RSST’ and precipitation anomalies (Fig. 3abcd). 

For ENSO-related SST’, in boreal fall (September to November) prior to an El Niño peak, 

there is a marked IOD signal in the Indian Ocean (Fig. 3a), due to the tendency of the IOD to phase-

lock to ENSO (e.g. Annamalai et al. 2003, Ohba and Ueda 2005). By the following spring (March to 

May), the IOD signal is replaced by a clear IOBM warming signal(Fig. 3b). In the Atlantic, the weak 

Atlantic Niña tendency in fall (Fig. 3a) progressively evolves into a Tropical North Atlantic warming 

(Fig. 3b), which peaks the following spring (e.g. Taschetto et al. 2016). However, these Indo-

Atlantic SST’do not match the observed pattern of precipitation anomalies very well (Fig. 

3a,b).TheIndo-Atlantic uncentered pattern correlation between ENSO-related precipitation and 

SST’isonly 0.52 in fall (Fig. 3a) and 0.21 in the following spring (Fig. 3b). For instance, in the Indian 

Ocean, positive SST’in the Bay of Bengal are associatedwith negative precipitation anomalies; 

notably in boreal fall, these negative precipitation anomalies are much broader than the underlying 

negative SST’ of the IOD east pole, relatively weak and confined. In the Atlantic, there are 

significant decreased rainfall anomalies along the ITCZ in spring, in the absence ofclear negative 

SST’(Fig. 3b). 

RSST’is negatively offset relativeto SST’during an El Niño (Fig. 3cd) due to the removal of 

the positive tropical mean SST’ (Fig. 1). This offset capturesthe stabilizing effect of the upper 

tropospheric warming over the Atlantic and Indian Oceans during El Niño events. As a result, 
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precipitation anomalies spatial patterns match those of RSST’better than those ofSST’.Pattern 

correlations indeed increase from 0.52 to 0.65 in fall (Fig. 3a,c),from 0.21 to 0.54 in the following 

spring (Fig. 3b,d), and evenfrom-0.02 to +0.52in winter(Online supplementary material figure S5). 

The decreased rainfall over the Bay of Bengal, increased rainfall in the southwestern Indian Ocean in 

spring, or decreased rainfall along the Atlantic ITCZ all match the RSST pattern better than that of 

SST. RSST not only explains precipitationanomalies better than SST, but also the near surface wind 

anomalies they induce. For instance, the correlation between the DMI eastern poleindex and zonal 

equatorial Indian Ocean wind anomalies (in boreal fall during IOD peak season) increase from 0.68 

to 0.83, or that between the Atl3 index and equatorial Atlantic winds (in spring-summer during 

Atlantic Nino peak season) from 0.8 to 0.89 (both improvement being significant at the 95% 

confidence level). Overall, this illustrates that the effect of ENSO on upper tropospheric temperature 

need to be considered in addition to local SST’to explain the rainfall and surface wind interannual 

anomalies in the tropical Indian and Atlantic oceans. 

Even though RSST’ exhibits a better pattern agreement with precipitation anomalies than 

SST’, the agreement can be further improved. For instance, dry anomalies above the IOD eastern 

pole only extend down to 10°S, while the broad negative RSST’extends further south (Fig. 3c). 

Similarly, the Atlantic exhibits a very broad tropical negative RSST’, while the rainfall decrease is 

confined near the equator. In both cases, the precipitation anomalies tend to be more concentrated in 

the regions of highest climatological SST and rainfall. This brings us to our second objective: to test 

the potential added value of weighting RSST’ by the precipitation climatology as a proxy of 

convective precipitation interannual variability. We definePcRSST’ = Pc x RSST’ / <Pc>, where Pc 

is the seasonally-variable precipitation climatology. The PcSST’ patterneven better matches that of 

rainfall anomalies in the eastern Indian Ocean and Atlantic (Fig. 3e). The IOD in fall is actually 

rather an east IO “monopole” than a dipole in terms of PcRSST and precipitation, and the Atlantic 

meridional dipole in spring as well is almost an equatorial monopole. This better match results in an 

Indo-Atlantic pattern correlation improvement from 0.65 to 0.79 in boreal fall and 0.54 to 0.60 in the 

following spring. PcRSST’ is also very relevant during the ENSO peak in winter, improving the 

Indo-Pacific pattern correlation from 0.52 to 0.67 (Online supplementary material Fig. S5). As a 

comparison, using SST weighted by precipitation climatology, PcSST, leads only to a slight 

improvement as compared to SST, weaker than RSST, and hence clearly weaker than PcRSST(not 

shown). Furthermore, El Niño and La Niña composites equivalent to figure 3 confirm that Pc-RSST 

and RSST match Indian Ocean and Atlantic precipitation anomalies better than SST for both ENSO 

phases (Supplementary Figures S6 and S7), i.e. that the nonlinear relation between surface 

temperature and precipitation does not affect the superior performance of RSST. 
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Overall, this analysis demonstrates that PcRSST is a very good proxy of the precipitation 

interannual anomalies over the Indian and Atlantic oceans, because it encapsulates both the 

surfaceand the upper troposphericinfluenceson atmospheric stability, and takes into account some of 

the non-linear dependency of rainfall to SST, with the strongest rainfall response at high SST. 
 

5. Discussion 

Earlier studies have introduced RSST (simply defined as SST minus its tropical mean) as a 

driver of the changes in tropical atmospheric deep convection in the context of climate change. Using 

a theoretical derivation, we show that interannual anomalies of precipitation should also be 

proportional to RSST interannual anomalies RSST’, with a larger proportionality coefficient in 

climatologically-high rainfall regions. Using observations - and CMIP models (see also online 

supplementary material) - we show that RSST’explaindeep atmospheric convection anomalies better 

than SST’, because they encapsulate the effects of upper-tropospheric temperature anomalies on 

stability changes. This is particularly relevant during ENSO events, because El Niño (La Niña) 

uniformly warms (cools) the upper troposphere, thereby stabilizing(destabilizing) the tropical 

atmosphere.In CMIP models, this added value of RSST is thus larger in the modelshaving larger 

ENSO amplitude (supplementary Fig. S4), and is projected to remain robust in the future (online 

supplementary material texts S3 and S4) . 

Weighting RSST’ by the precipitation climatology(PcRSST) further improves the consistency 

with interannual rainfall anomalies, by accounting for the non-linearity in the SST-rainfall relation, 

with tropical rainfall mostly occurring above a SST threshold of ~28°Cin the current climate (i.e. 

above a RSST threshold of ~1°C; Johnson and Xie 2010).PcRSSTcanalso help us in understanding 

the asymmetries of El Niño and La Niña teleconnections (supplementary figures S6 and S7). 

RSST’/PcRSST’are thus easy-to-compute, physical variables(and thus proxies) drivingtropical 

precipitation/convectionanomalies(and their dynamical response, notably surface wind). They 

account both for the effects of surface and upper-tropospheric temperature anomalies, e.g. in the 

context of the pan-tropical upper tropospheric signals induced by ENSO, but also in those associated 

with global climate change (e.g. Vecchi and Soden 2007; Vecchi et al. 2008; Johnson and Xie 2010) 

or tropical explosive volcanic eruptions (Khodri et al. 2017).RSST should thus be used, instead of 

SST (or at least complimentary to SST), to definecoupled climate modes indices (e.g. Atl3, DMI east 

pole and Nino3.4 RSST) that are more dynamically consistent with precipitation/wind. Such RSST 

useshould become even more essentialin the increasing trend context due to global anthropogenic 

warming(online supplementary material text S4). 
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Our results have implications for the studies that investigate remote effects of SST anomalies 

in, e.g. the Atlantic or Indian Ocean, on the evolution of ENSO events, both at interannual and 

decadal timescales (RSST concept being a priori valid for both). Such studies often investigate 

teleconnections to winds over the Pacific usingatmospheric (or coupled) general circulation models 

sensitivityexperiments forced by SST anomalies applied onlyin e.g. the Atlantic or Indian Ocean(e.g. 

Annamalai et al. 2005; Ding et al. 2012 ; Luo et al. 2012;Santoso et al. 2012; Ham et al. 2013; 

Chikamoto 2014 ; McGregor et al. 2014; Dayan et al. 2015). While this strategy is correct for SST 

anomalies that are independent of ENSO, it maygive a biased result for climate modes that are 

tightly associated with ENSO. The IOBM and TNAarefor instance systematically forced by an 

ENSO signal and will hence always involve an upper tropospheric temperature signal. A numerical 

experiment forced bySST anomalies onlyapplied in the Indian Ocean or Atlanticwill miss most of the 

upper tropospheric signal, and hence not accurately estimate the actual regional precipitation 

anomalies andtheir remote circulation response over the Pacific.In other words, since RSST’ explains 

precipitation(and wind) anomalies related to e.g. the IOD, the IOBM and TNAbetter than SST’ (Fig. 

3), it would be more appropriate to apply RSST rather than SST anomalies in the Atlantic and Indian 

oceans to study their remote effects on the Pacific. 

RSST could alsoallow revisiting interactions between tropical climate modes (e.g. Cai et al. 

2019).Many studies have for instance questioned the interdecadal stability of the ENSO influence on 

tropical Atlantic SST (e.g. Rodriguez-Fonseca et al. 2009; Ding et al. 2012). The correlation between 

Nino3.4 and Atl3 SST’in April–June (Atlantic Nino peak season) is indeed significant at the 95% 

level over the 1981-2001 period (r=0.58) but not over 1998-2018 (r=0.39). This correlation is 

significant over both periods when computed from RSST’ (0.70 and 0.59; in fact there is a more 

robust correlation using RSST’ over the entire historical period). This suggests that the remote 

influence of ENSO on Atlantic rainfall and the associated wind anomalies (i.e. the ENSO 

teleconnection to the Atlantic) has remained quite stable over recent decades. What has not remained 

stable is the tendency of this atmospheric circulation change to induce a SST anomaly (Chang et al. 

2006). This provides new clues to investigate the relations between ENSO and the Atlantic. 

Similarly, additional analyses based on RSST’ (not shown) highlight the dominantrole of the IOD 

eastern pole(actually a RSST monopole; Figs 3, S5 and S6) in generating a rainfall response over the 

IO, and related wind responses over the equatorial IO and western Pacific. The RSST’ hence offers 

interesting perspectives to study the IOD influence on ENSO (e.g. Izumo et al. 2010, 2013, 2016; 

Jourdain et al. 2016; Wieners et al. 2017).  
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Introduction 

The supporting information first presents a complete theoretical derivation of the equations shown in 
the main text. It then gives figures showing the robustness of the results as well as the CMIP models 
analysis of historical and projection simulations. It finally gives a detailed description of the data and 
methods used.  

Text S1. 

 Equations to properly demonstrate why precipitation responds to RSST and PcRSST rather 
than to SST (and what are the assumptions behind) 
 
A. Derivation of the linear relationship between P’ and RSST’ 
 
The Gross Moist Stability (GMS; Neelin and Held 1987) can be defined as: 
 
 GMS = mt – ms ≈ m300hpa – ms 
 
 where m is the Moist Static Energy (MSE), m = s + Lv q = Cp T + g z + Lv q, s the dry static energy, 
T the temperature in Kelvin, z the altitude, q the specific humidity (quasi-equal to the mixing vapor 
ratio in usual conditions), and mt and ms respectively the upper tropospheric (at 300hPa, as often 
used, e.g. Fueglistaler et al. 2015) and surface MSE. 
 
Let us denote <f> as the 20°N-20°S tropical mean of any field f, and  ̅as the climatological seasonal 
cycle, and f’ as the interannual anomaly, f’ = f - ̅ . Note that, thanks to linearity of these 
operations,<f>’ = <f’>. 
The first main assumption is that the mean vertical profile of the tropical atmosphere follows the 
moist adiabatic lapse rate (MALR approximation). Thus, any interannual anomaly <ms>’ will lead 
to the same  <mt>’ anomaly in the upper troposphere (neglecting the short ~1 month lag in the upper 
troposphere seen in Fig. 1e), i.e. : 
 



21	
	

<mt>’=<ms>’ 
 
 
The second main assumption is that the upper tropospheric temperature interannual anomaly is 
approximately uniform in the tropics (Weak Tropospheric Gradient approximation; WTG; Sobel et 
al. 2001), i.e. Tt’ ≈ <Tt’>. And, as the upper troposphere is dry, the MSE only depends of 
temperature (because mt ≈ st = Cp T300hPa + g z300hPa ≈ (Cp + R/Mair) T300hPa, assuming air is an ideal 
gas, R being ideal gas constant and Mair being air molar mass), i.e.: 
 
mt’ ≈ <mt’> 
 
Thus, the local GMS interannual anomaly will be: 
 
GMS’ = mt ’ – ms’ ≈ <mt’> – ms’ ≈ <ms’> – ms’  
 
At the surface, zs’ = 0, thus ms’ = Cp Ts’ + Lv qs’.  
If we assume an almost constant relative humidity, and a 7% °C-1 change in specific humidity 
(linearization of Clausius-Clapeyron), then qs’ ≈ 0.07 s Ts’. Therefore:  
 
GMS’≈ <(Cp + 0.07 Lv s) Ts’ >  –  (Cp + 0.07 Lv s) Ts’ 
 
   = (Cp + 0.07 Lv s) (<Ts’ > – Ts’)    +   0.07 Lv  µnonlin 

 
where µnonlin = < s Ts’ > –< s><Ts’>  –  ( s – < s>) Ts’ .    
 
I.e. µnonlin is a non-linear 2nd order term. 
 
As, by definition, RSST’ = SST’– <SST’ > = Ts’– <Ts’ >, we obtain: 
 
GMS’  ≈ -(Cp + 0.07 Lv s) RSST’ + 0.07 Lv  µnonlin 
 
Thus, GMS’ is indeed proportionnal to RSST’ if we suppose µnonlinto be negligeable, |0.07 Lv  µnonlin | 
<<< |(Cp + 0.07 Lv s) RSST’|, i.e. that the spatial variations of s are weakly correlated with those of 
SST’ and that s is close to its tropical mean < s> where SST’ is strong (or at least that the two 
terms within µnonlin compensate each other). This is the 3rd main approximation, which has never 
been discussed before properly to our knowledge. 
 
And finally, we use Neelin and Held (1987) approximated equation for tropical precipitation (see 
also He et al. 2018), P ≈ F/GMS, where F is a constant: 
 

P’ ≈ -(F/ 2)  GMS’  
 

 P’ ≈ (F/ 2)  (Cp + 0.07 Lv s) RSST’ 
 
We indeed find that temporal anomalies of precipitation should be proportionnal to RSST anomalies, 
with a factor that should depend of the mean state  (of  and s), within the limits of the above 
approximations.  
 
Discussion on the limitations. While this RSST framework seems very robust for climate 
interannual variability, being relevant in various observational datasets and in almost all of the 
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CMIP5 models, the approximations highlighted here show that there must be some limitations of the 
RSST simple approach. RSST, inferred from the thermodynamical constraints on precipitation, is 
simply defined as SST – 1 x <SST>, where the 1 coefficient is fixed. However, the theoretical 
derivation shows that there are several approximations involved, and that there could be spatial 
variations in this coefficient related to the climatological mean state and/or to circulation interannual 
variability effect on precipitation, notably that related to ENSO. A linear regression with two 
variables, SST and <SST>, suggests that using a spatially-varying coefficient for <SST> could 
explain even more of precipitation variance (not shown). It suggests that one could increase this 
coefficient to mimic the larger effect of <SST> on atmospheric stability/precipitation in the east 
Indian Ocean, maritime continent and Northwest tropical Pacific, and in the tropical Atlantic (not 
shown).  This larger effect is likely partly related to ENSO-induced anomalous circulation, with e.g. 
larger upper-level convergences strengthening drying of these regions during an El Nino (Adames 
and Wallace 2017). Anyway, RSST framework already explains significantly better precipitation 
than SST, and keeps the advantage of being simple. 
 
 
B. Justifying the PcRSST’ approach 
 
The previous equation also allows us to justify our PcRSST approach - and to identify the 
approximation done - to weight RSST’ by precipitation climatology , as above equation can be 
rewritten as: 
 
P’ ≈  RSST’(Cp + 0.07 Lv s)/  
 
Thus, our PcRSST approximation supposes that (Cp + 0.07 Lv s)/  does not vary too much in the 
tropics in regions where the productP RSST’ is non-negligeable, i.e. in regions where it can rain and 
where RSST’ is large. This is obviously a quite crude approximation. Actually, using the 
approximation that  ≈ F/  , we could rewrite the above equation as : 
 
 P’ ≈ (Cp + 0.07 Lv s)/

2 RSST’  
 
Knowing that the stermdominates the first term, and that it is strongly tied to (relative humidity 
being quite constant in the tropics), P’ might even better match to this more non-linear term: 2. 
For the sake of simplicity, we have here focussed on the simpler PcRSST concept, as it empirically 
works and is more intuitive.  
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Text S2. 

Equations to justify the top-heaviness of temperature anomalies 
 
Why do we observe, in observations (Fig. 1e) and all the 36 CMIP models (not shown), that 
<T300hPa>’ covaries with <SST>’, but with a factor of ~2 to 3 ?  This top-heaviness for trends as well 
as for interannual variability has already been noted and explained in earlier studies (e.g. Sobel et al. 
2002; Flannaghan et al. 2014, Fueglistaler et al. 2015 ), but without any proper analytical 
formulation to our knowledge at present. We here attempt to derive approximate equations justifying 
this top-heaviness.     
 
Because of the MALR assumption presented in the first appendix, that <mt>’=<ms>’, we can write : 
 
(Cp + R/Mair) <T300hPa>’ =  (Cp + 0.07 Lv< s>) <Ts’> + 0.07 Lv ßnonlin 
 
where ßnonlin = < s Ts’ > – < s><Ts’> is a non-linear 2nd order term (the first component of 
µnonlinactually), which is negligeable if the spatial variations of s are weakly correlated with those of 
SST’. 
 
Thus, if we neglect this ßnonlin, we indeed have <T300hPa>’ proportionnal to <SST>’: 
 
<T300hPa>’ ≈ (Cp + 0.07 Lv< s>)/(Cp + R/Mair) <SST>’  
 
=><T300hPa>’  ≈ (1 + 0.07 Lv< s>/Cp)/(1 + R/Mair/Cp) <SST>’ 
 
 
with 1 + 0.07 Lv< s>/Cp ≈ 1+ [1.8 to 3.6], if < s>varies between [10 to 20] g/kg  
and  (1 + R/Mair/Cp) ≈ 1.3 
Thus, the factor ranges from 2.1 to 3.5 depending of < s>, so roughly matching with the observed 
top-heaviness factor (somewhat overestimating it though). 
 
Discussion on this approximated equation. While this roughly explains the strong control of 
<SST> on <T300hPa>, we know that there are some limitations to it. Sobel et al. (2002) tried to use 
“rainy SST” tropical mean (but did not get any statistically significant improvement), and  
Fueglistaler et al. (2015) used <PSST> (precipitation-weighted SST), who show that it explains even 
more of <T300hPa> interannual variance in their models. But in observations and the CMIP coupled 
models here, we could not find any improvement, e.g. a correlation between the two of 0.89, almost 
similar to 0.90 when using <SST>, in observations (consistent with Sobel et al. 2002). Sobel et al. 
suggested that it may be because of observationnal issues. However, even in CMIP models for which 
there are no observationnal issues, we could not find any improvement (not shown). 
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Fig. S6. As Fig. 3 but for El Niño composites. El Niño events are defined when Niño3.4 SSTA in 
NDJ exceeds 2/3 of its standard deviation (10 events during the 1981-2018 period). RSST and 
PcRSST outperform SST in explainingEl Niño precipitation teleconnections as quantified by the 
pattern correlation between precipitation and PcRSST/RSST/SST anomalies shown on each panel.  
 

 
 
Fig. S7. As Fig. S6 but for La Niña composites. La Niña are defined when Niño3.4 SSTA in NDJ 
drops below -2/3 STD (10 events during the 1981-2018 period). As for El Niño, RSST and PcRSST 
outperform SST in explaining LaNiña precipitation teleconnections as quatified by the pattern 
correlation between precipitation and PcRSST/RSST/SST anomalies on each panel. 
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Text S3. 

Historical CMIP analyses  
 

Climate models are essential to understand processes, to have longer time series without 
observationnal issues, and to be able to estimate future changes due to climate change. Thus, 
verifying that our observations-based results remain valid in CMIP5 historical runs, and trying to 
understand the potential inter-model diversity in the relevance of RSST, is crucial. 

CMIP models description.Here we use the same 36 CMIP5 models (IPCC, 2013) as in 
Parvathi et al. (2017), for which we had SST and precipitation available (Suppl. Table S1). Models 
having the advantage of having no observationnal uncertainty on precipitation, we have directly 
analysed precipitation instead of OLR. Historical runs being available usually for 1861-2005 period, 
results are shown for the last 30 years, i.e. 1976-2005, to be roughly comparable to the 1981-2018 
period (results being almost similar when using the full historical period; not shown). All outputs 
were re-gridded to a 2o regular grid. We show only the Multi-Model Mean (MMM), for the sake of 
simplicity (checking that results inferred from MMM remain mostly valid for each model; not 
shown; see also Fig. S4).We acknowledge the World Climate Research Program’s Working Group 
on Coupled Modelling, which is responsible for CMIP, and we thank the climate modeling groups 
(listed in Table S1) for producing and making available their model outputs. All the CMIP5 model 
outputs were downloaded from the Institut Pierre Simon Laplace (IPSL) CICLAD repository. 

Confirming observations-based results with CMIP historical runs.Given the observational 
uncertainties related to the limited length of the record and measurement errors, we performed 
similar analyses to observations-based ones in our 36 CMIP5 historical simulations. Our results 
indicate that the CMIP5 models realistically simulate the strong relationship between <SST> and 
<T300hPa > interannual variations, with a Multi-Model Mean (MMM) maximum correlation of 0.77 
(ranging from ~0.6 to ~0.9 for individual models) at ~1 month lag and a similar amplitude ratio 
between <SST> and SST (ranging from ~1.9 to ~2.6). CMIP5 models also display a pattern of SST-
precipitation relationship (Suppl. Fig. S3a) qualitatively consistent with that shown on Fig. 2a and 
Fig. S1a for observations). As in observations, RSST better explains deep convection/rainfall 
interannual variability than SST. The improvement of the local correlation is however smaller than in 
observations (Figure S3abcvs Figures2abc and S1abc). Although broadly located in the same areas as 
in observations, the improvement pattern displays biases that are reminiscent of CMIP5 model 
climatological biases, including a degradation over the western equatorial Pacific that generally hosts 
a prominent cold tongue bias, a weaker improvement over the eastern equatorial Indian Ocean in line 
with the positive IOD-like mean state bias.And, keeping in mind that the relationships with 
precipitation should be generally larger in climatologically-rainy regions (cf. PcRSST concept), these 
MMM maps have biases in their spatial patterns expected from models typical biases, notably the 
well-known double ITCZ / cold tongue bias in the tropical Pacific (e.g. Bellenger et al. 2014; Brown 
et al. 2015), the positive IOD-like mean state bias in the IO (e.g. too strong/weak precipitation in the 
west/east equatorial IO related to SST gradient bias ; e.g. Fathrio et al. 2017) and Atlantic Nino-like 
bias in the Atlantic (e.g. Richter et al. 2014). Also, the spatial patterns and amplitudes, while 
qualitatively agreeing, vary among models (not shown), as their biases do. To quantify the inter-
model diversity in the importance of RSST, we define a simple metrics : the tropical mean of the 
increase, when using RSST instead of SST, of the slope of the regression (of precipitation onto 
normalised SST or RSST). We also use the STD of Nino3.4 SST as a measure of ENSO amplitude, 
whose inter-model diversity is large in CMIP (e.g. Bellenger et al. 2014), and explains the diversity 
in STD(<SST>): intermodel correlation r=0.80 between STD(<SST>) and STD(Nino3.4). Thus we 
find the following expected relationship: the larger the amplitude of ENSO, and thus of <SST>, the 
larger the importance of relative SST in the model (r=0.73). This diversity is important, 
STD(Nino3.4) ranging from ~0.4 to ~1.5oC, and the increase in <slope> ranging from ~0.01 to ~0.1 
mm/day per STD (Suppl. Fig. S4). The MMM is roughly consistent, for this regression slope-based 
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metrics, when averaged over the whole tropics, with CMAP1 observations (Suppl. Fig. S4). To 
conclude, CMIP historical simulations confirm the usefulness of RSST, with nevertheless some 
expected biases and a large inter-model diversity, models having too weak ENSO (and thus <SST>) 
variability having difficulties to simulate this importance of RSST. These results should remain valid 
in the following CMIP6 phase, with hopefully some improvements thanks to potentially-reduced 
biases (e.g. cold tongue bias). 

 

Text S4. 

CMIP projected changes driven by ENSO projected changes  
 

Since CMIP models in general reasonably capture the RSST role, it is worth investigating 
potential projected changes in this RSST role. So we also analysed RCP8.5 projection runs, available 
over the 2006-2099 period. 

Methods. We chose the unmitigated RCP8.5 scenario because of the larger forcing, and so 
larger signal/noise ratio, and also because it is the scenario that is up to present – unfortunately -  the 
most realistic. Future changes due to anthropogenically-forced climate change are defined for each 
model as the difference between the last 30 years of RCP8.5 minus the last 30 years of historical 
simulation. We did robustness tests by using instead 50-year long period, or by chosing different30-
year periods. E.g. we have checked that the changes in STD(Nino3.4) are not purely random (i.e. not 
only due to aliasing of internal variability when computed over 30 years period, e.g. Wittenberg 
2009): if the changes in STD(Nino3.4) are computed using a different choice of 30 years periods (i.e. 
2040-2069 minus 1946-1975 instead of 2070-2099 minus 1976-2005), then the intermodel 
correlation between the changes in STD(Nino3.4) for these two choices of periods is 0.65, hence 
significantly positive at the 99.9% level. 

MMM projected changes.The projected warming trend is so large in the last 30 years of the 
21st century in RCP8.5 runs that it reduces the local relationship of precipitation with SST for that 
future 30-year period (precipitation having a weaker and less spatially-homogeneous trend than SST; 
e.g. Held and Soden 2006; Xie et al. 2010).  Such effect of the trend is much weaker in the historical 
last 30 years (not shown). Hence, as this global warming trend is by construction absent in RSST, 
there is a clearincrease in the added value of RSST for most models (positive in 35 out of 36 models, 
ranging from about -0.02 to +0.16 mm/day per STD, using the metrics used in Fig. S4; not shown). 
This increase of the added value of RSST is only due, for the MMM, to this trend increase from 
historical to RCP8.5 last 30 years. If the above analysis is redone after detrending all variables for 
each 30-year period separately, the sign of the projected change varies among models, and is 
negligeable for the MMM.  

Diversity in projected changes. Actually, earlier studies have shown a large diversity among 
CMIP models in the debated projected change of ENSO variance (e.g. Collins et al. 2010, Ham and 
Kug 2016 ; Yun et al. 2016 ; Chen et al. 2017a,b). From the above historical runs results, we expect 
this diversity to project onto the STD(<SST>) changes, and thus on the changes in RSST importance. 
Indeed, the STD(<SST>) changes in RCP8.5 scenario are strongly related to the STD(Nino3.4) 
changes (r=0.80 ; correlations in this paragraph given for detrended variables to only focus on 
interannual variability projected changes). Hence, RSST becomes more important in the models 
which project an increase in ENSO amplitude (r=0.72) and of <SST> (r=0.87). The diversity in the 
projected change is large, from about -0.03 up to ~+0.04 , relatively to the ~0.05 (mm/day per STD) 
historical MMM value.  

 
Conclusion. To conclude this CMIP analysis, it confirms the relevance of the RSST 

framework. This RSST relevance is qualitatively robust, and is projected to remain robust in the 
future - and will be even more helpful because of increasing trend issues - in all our CMIP database, 
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and is larger in models with larger ENSO amplitude. CMIP results are however obviously affected 
by some typical CMIP5 biases, e.g. the double ITCZ/cold tongue bias, and by the uncertainties in 
ENSO amplitude projections.  
 
 

Institut Model 
BCC bcc-csm1-1 
 bcc-csm1-1-m 
BNU BNU-ESM 
CCCma CanESM2 
CMCC CMCC-CESM 
 CMCC-CMS 
CNRM-
CERFACS 

CNRM-CM5 

CSIRO-BOM ACCESS1-3 
CSIRO-QCCCE CSIRO-Mk3-6-0 
FIO FIO-ESM 
IPSL IPSL-CM5A-LR 
 IPSL-CM5A-MR 
 IPSL-CM5B-LR 
LASG-CESS FGOALS-g2 
LASG-IAP FGOALS-s2 
MIROC MIROC5 
 MIROC-ESM 
 MIROC-ESM-

CHEM 
MOHC HadGEM2-CC 
MPI-M MPI-ESM-LR 
 MPI-ESM-MR 
MRI  MRI-CGCM3 
 MRI-ESM1 
NASA-GISS GISS-E2-H 
 GISS-E2-H-CC 
 GISS-E2-R 
 GISS-E2-R-CC 
NCAR CCSM4 
NCC NorESM1-M 
 NorESM1-ME 
NIMR-KMA HadGEM2-AO 
NOAA-GFDL GFDL-CM3 
 GFDL-ESM2G 
 GFDL-ESM2M 
NSF-DOE-
NCAR 

CESM1-BGC 

 CESM1-CAM5 
 

Table S1. List of the 36 CMIP5 models used. 
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Text S5. 

Data and Methods 
 

A. Methods.  
Relative SST is defined as the SST minus <SST>, the latter being 20°N-20°S average SST( as 

in Johnson and Xie 2010). As earlier studies by e.g. Vecchi and Soden 2007 had used 30°N-30°S, we 
did some robustness tests with 15°N-15°S, 25°N-25°S, 30°N-30°S : we obtain similar results 
qualitatively, with larger differences to absolute SST if 15°N-15°S is used (because then 
STD(<SST>) is larger), and vice versa weaker if 30°N-30°S is used, the best match with 
precipitation being generally around  20°N-20°S (not shown). 

 We use classical indices of interannual tropical climate modes during their peak seasons, 
such as the November to January (NDJ) Niño3.4 (170°W-120°W; 5°N-5°S) SST anomalies index in 
for ENSO, the Dipole Mode Index (DMI, defined as average SST anomalies difference over 50°E-
70°E; 10°N-10°S minus those over 90°E-110°E; 0°-10°S; and its west and east poles separately, 
either using SST or RSST) averaged from September to November (SON) for the Indian Ocean 
Dipole following Saji et al. (1999) andAtl3 (20°W-0°, 3°N-3°S; cf. Zebiak et al. 1993) SST 
anomalies averaged over April to June (AMJ) for theAtlantic Niño (since it peaks in may; Munchen 
and Neelin). For lag-correlation/regression with NDJ0 Nino3.4 SST, the year number is by 
convention the year of the first month of the three months average (e.g. MAM1 is following March-
May period). Intraseasonal variability is smoothed out using a 5-months Hanning low-pass filter. To 
estimate the statistical significance, we compute the effective number of degrees of freedom when all 
seasons are mixed (formulae 30 of Bretherton et al. 1999), and one degree of freedom per year for 
seasonally-stratified analyses. We use the usual two-tailed Student t-test to test whether Pearson 
correlation and linear regression are significantly different from 0 or not. Steiger’s Z test is used to 
test the significance of the difference in correlation. We compute uncentered pattern correlation 
(rspatial), more suited here than centered pattern correlation, i.e. spatial means are not removed, 
between precipitation and e.g. SST anomalies. The intraseasonal variability (e.g. the Madden-Julian 
Oscillation) is smoothed out with a 5 months Hanning filter to remove signals with periods less than 
~3-4 months. 

 
B. Observational datasets 
This paper uses the OISSTv2 monthly product (Reynolds et al. 2002) for SST available since 

November 1981 (we also used HadiSST [Rayner et al. 2003] to verify the robustness of the results) 
and NCEP2 reanalysis (Kanamitsu et al. 2002) for upper tropospheric temperature at 300hPa T300hPa. 
We use Climate Data Record (CDR) Outgoing Longwave Radiation (OLR) v2.7 from NOAA (Hai-
Tien Lee and NOAA CDR Program 2018) as a proxy for deep atmospheric convection, given the 
large uncertainties in the existing rainfall products. As a comparison to the monthly CMAP1 
precipitation product mainly shown all along this paper, we also verified that the results are robust 
(not shown; see also comparison in Fig. S4) when using GPCPv2.3 product (Huffman et al. 2009), 
when using a « scaled OLR » precipitation product (in which we multiplied OLR anomalies by the 
regression slope from the regression of CMAP1 precipitation onto OLR; Fig. S4) or when using the 
former NOAA interpolated OLR product. We also use ECMWF ERAI atmospheric reanalysis (Dee 
et al. 2011) wind at 10m for Figures 3, S5, S6 and S7. All analyses are made over the November 
1981 (from which OISSTv2 is available) to 2018 period. 
 


