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Abstract. Large-scale interaction among the three tropical ocean basins is an area of intense research that is often conducted 29 

through experimentation with numerical models. A common problem is that modelling groups use different experimental 30 

setups, which makes it difficult to compare results and to delineate the role of model biases from differences in experimental 31 

setups. To address this issue, an experimental protocol for examining interaction among the tropical basins is introduced. The 32 

tropical basin interaction model intercomparison project (TBIMIP) consists of experiments in which sea surface temperatures 33 

(SSTs) are prescribed to follow observed values in selected basins. There are two types of experiments. One type, called 34 

standard pacemaker, consists of simulations in which SSTs are restored to observations in selected basins during a historical 35 

simulation. The other type, called pacemaker hindcast, consists of seasonal hindcast simulations in which SSTs are restored to 36 

observations during the forecast. TBIMIP is coordinated by the Climate and Ocean - Variability, Predictability, and Change 37 

(CLIVAR) Research Focus on Tropical Basin Interaction. The datasets from the model simulations will be made available to 38 
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the community to facilitate and stimulate research on tropical basin interaction and its role in seasonal-to-decadal variability 39 

and climate change. 40 

1 Introduction 41 

Interaction among the tropical basins on interannual to decadal timescales has seen increased interest in recent decades. This 42 

is partly due to the growing awareness that this interaction substantially influences variability in all three tropical basins (Cai 43 

et al. 2019; Wang 2019) and that it may also shape the way the climate system reacts to radiative forcing, particularly that 44 

associated with changing greenhouse gas concentrations (Kosaka and Xie 2013; Li et al. 2016). Furthermore, there is evidence 45 

that the linkages among the three tropical basins will change under global warming, leading to the emergence of new players 46 

in the climate system, such as the tropical Atlantic influence on El Niño-Southern Oscillation (ENSO; Rodriguez-Fonseca et 47 

al. 2009; Martin-Rey et al. 2014; Polo et al. 2015; Wang et al. 2024). 48 

Research on interbasin interaction has undergone several phases. In the 1970s and 1980s, many researchers focused on 49 

understanding the mechanisms of ENSO in the tropical Pacific and the air-sea coupling that underlies it (e.g., Bjerknes 1969; 50 

McCreary 1976; Rasmusson and Carpenter 1982; McCreary and Anderson 1984; Philander 1985; Zebiak and Cane 1987). 51 

Over time, there was increasing interest in how ENSO influences other terrestrial and oceanic regions around the world (e.g., 52 

Bjerknes 1969; Horel and Wallace 1981; Karoly 1989; Kiladis and Diaz 1989; Enfield and Mestas-Nuñez 1999; Klein et al. 53 

1999; Diaz et al. 2001; Alexander et al. 2002). During this stage, the focus was on remote influences from the tropical Pacific 54 

to other regions. At the same time, other tropical ocean regions received increasing attention, which led to the discovery and 55 

analysis of other tropical variability patterns, such as the Atlantic Zonal Mode (AZM; Moore et al. 1978; Hastenrath and Heller 56 

1977; Merle 1980; reviews by Lübbecke et al. 2018; Richter and Tokinaga 2021), the Indian Ocean Basin (IOB; Chambers et 57 

al. 1999; review by Schott et al. 2009) mode, and the Indian Ocean Dipole (IOD; Saji et al. 1999; Webster et al. 1999; review 58 

by Schott et al. 2009). Several variability patterns in the subtropics also became more prominent, such as the Atlantic 59 

Meridional Mode (AMM; Hastenrath and Heller 1977; Chang et al. 1997; reviews by Xie and Carton 2004; Chang et al. 2006), 60 

the Benguela Niño (Shannon et al. 1986; review by Oettli et al. 2021), and the North Pacific Meridional Mode (NPMM; Chiang 61 

and Vimont 2004; review by Amaya 2019), to name a few. Increasingly, the question arose to what extent variability in those 62 

remote regions was independent of ENSO, and whether it could influence the evolution of ENSO (see Chang et al. 2006 for a 63 

review, and Fig. 1 for a schematic). Thus, there was a growing interest in how the tropical oceans interact, and how these 64 

interactions may contribute to improved seasonal predictions of oceanic variability patterns and their impacts over land 65 

(Keenlyside et al. 2019). 66 

In addition to interannual variability patterns, such as ENSO, AZM, and IOD, there are also decadal and multi-decadal 67 

variability patterns, both in the tropics (e.g., the Tropical Pacific Decadal Variability (TPDV); see Power et al. (2021) and 68 

Capotondi et al. (2023) for a review) and in the extratropics (e.g., the Pacific Decadal Oscillation (PDO; Zhang et al. 1997; 69 

Mantua and Hare 2002; review by Newman et al. 2016) and the Atlantic Multidecadal Variability (AMV; Kushnir 1994; 70 
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reviews by Keenlyside et al. 2015 and Zhang et al. 2019)). Due to their long timescales and extratropical locations, the latter 71 

patterns may influence other basins through different pathways (e.g., Ruprich-Robert et al. 2017). The associated background 72 

changes may also modulate the way ocean basins interact on shorter timescales (Yu et al. 2015; Martin-Rey et al. 2015; Kajtar 73 

et al. 2018; McGregor et al. 2018; Drouard and Cassou 2019). Thus, the decadal and longer timescales are of interest to the 74 

study of tropical basin interaction (TBI) but the observational record is short when low-frequency variability is the focus. The 75 

limited sample size of decadal-scale events, such as the AMV, as well as the existence of dedicated sensitivity experiments in 76 

the Coupled Model Intercomparison Project phase 6 (CMIP6) Decadal Climate Prediction Project (DCPP; Boer et al. 2016) 77 

have motivated us to focus the proposed experiments on interannual timescales while still considering the role of decadal 78 

modulation. 79 

 80 
Figure 1.   Schematic illustrating the interaction of selected tropical variability patterns, namely ENSO, AMM, AZM, IOD, and 81 
IOBM. The arrows illustrate the directionality of the influence and are not necessarily representative of the actual interaction 82 
pathways. The AZM-to-ENSO influence, e.g., could be through atmospheric equatorial Rossby waves, as suggested by the arrow, or 83 
through atmospheric equatorial Kelvin waves (not indicated). The solid red arrows show well-established influences, while the 84 
dashed yellow arrows show influences that are under debate or inconsistent. The shading shows topographic heights from the Earth 85 
topography five-minute grid (ETOPO5), with ocean areas set to zero. 86 

To study TBI, observational analysis is an obvious tool. Unfortunately, the observational record is relatively short, as 87 

mentioned above, with about 60-70 years of reliable data. For ENSO, e.g., this translates into roughly 20-30 events, and even 88 

less if only major events are considered. Given the considerable event-to-event diversity of ENSO (e.g., Timmermann et al. 89 

2018), it is clear that the length of the observational record is a serious limitation when addressing interbasin interaction, 90 

particularly for statistical analysis and causality assessments. The event-to-event diversity further increases when considering 91 

the variability patterns in all three tropical ocean basins. A La Niña event, e.g., may be accompanied by a positive AZM event 92 

in one year, by a negative IOD in another, and by a combination of positive AMM and positive IOD in yet another. Thus, 93 

every year in the observational record features its own unique constellation of variability patterns in the three ocean basins, 94 

rendering the seemingly long 70-year observational record insufficient for disentangling the complex interactions. This is only 95 

complicated by the long-term changes in radiative forcing during the observation period. 96 
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Paleo proxies can substantially extend the data record available for analysis and have been used in the study of TBI (e.g., Cobb 97 

et al. 2001; Leduc et al. 2007). Proxy data, such as water isotopes ratio, however, must be converted into the variables of 98 

interest using a number of assumptions. This makes paleo proxies subject to uncertainties and inhomogeneities. Furthermore, 99 

the temporal resolution of such records may not always be high enough to resolve the variability patterns of interest, 100 

particularly when data for a particular season are desired. There is also uncertainty associated with the dating of proxies. 101 

Finally, the spatial coverage is sparse, particularly in the tropical Atlantic. 102 

Climate model experiments offer several advantages, such as long simulations (1000 years or more) under steady radiative 103 

forcing, as is the case for the pre-industrial control simulations of CMIP6 (Eyring et al. 2016). In addition, climate model 104 

simulations allow experimentation, such as prescribing sea surface temperatures (SSTs) in one basin and analyzing the 105 

response in other basins. This avenue of investigation has been pursued by many groups, and numerous papers have been 106 

published (see Cai et al. 2019 for a review). Some of these studies, however, have arrived at diverging results. There is, e.g., 107 

disagreement on the role of the tropical Atlantic in influencing ENSO evolution. Some studies argue for a strong influence 108 

(e.g., Rodriguez-Fonseca et al. 2009; Ding et al. 2012; Ham et al. 2013ab; Martin-Rey et al. 2015), others for a limited influence 109 

(Exarchou et al. 2020; Richter et al. 2021; Richter et al. 2023), while yet some other studies dismiss this influence as a statistical 110 

artifact (Zhang et al. 2021; Jiang et al. 2023). Both the atmosphere and ocean allow for interaction pathways through material 111 

flow and waves, and these pathways have no built-in directionality, i.e., if the Pacific can influence the Atlantic then the 112 

Atlantic can influence the Pacific. However, given the size of the Pacific basin and the amplitude of ENSO, it is valid to 113 

question the importance of outside influences on ENSO. This is one of the motivations for the TBI experiments described here. 114 

There is also an enduring conundrum regarding why the strong ENSO signal in boreal winter has a robust influence on the 115 

northern tropical Atlantic in spring (Enfield and Mayer 1997) but an inconsistent influence on the adjacent equatorial Atlantic 116 

in summer (Chang et al. 2006; Lübbecke and McPhaden 2012). While some robust impacts on the equatorial Atlantic have 117 

been identified (Tokinaga et al. 2019; Jiang et al. 2023; Richter et al. 2024), it is still not fully understood why the major 1982-118 

83 and 1997-98 El Niños were followed by negative and positive AZM events, respectively (Fig. 2). Finally, the relationship 119 

between ENSO and the IOD has been probed in various climate model experiments, and these have arrived at conflicting 120 

results, with some arguing for an IOD that is mostly independent of ENSO (e.g., Behera et al. 2006) and others for an IOD 121 

that is largely controlled by ENSO (e.g., Stuecker et al. 2017a). Recent work has also indicated that different flavours of the 122 

Indian Ocean Basin mode can alter the decay of El Niño events (Wu et al. 2024).  123 
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 124 
Figure 2.   Anomalous SST (shading; degC) and 10m winds (vectors; reference 1.5 m/s) averaged over May-June-July (MJJ) for (a) 125 
1983 and (b) 1998. The fields are from the ERA5 reanalysis (Hersbach et al. 2018; note that SST is not an assimilated variable but a 126 
blend of various observational products). The remnants of the very strong 1982-83 and 1997-98 El Niño events are evident in the 127 
warm tropical Pacific SST anomalies. In the equatorial Atlantic, in contrast, SST anomalies are of the opposite sign during those 128 
two years. 129 

There are at least two reasons why different models may provide conflicting results. One is that experiments by different 130 

groups follow different protocols. This may include the way that perturbations are implemented in the model code but also 131 

different simulation and analysis periods. The other is that systematic model errors (e.g., due to the use of different convective 132 

parameterizations), substantially influence the outcome of such experiments. Since such errors differ widely across models, 133 

the outcome of two sensitivity experiments conducted with different models can yield conflicting results even if they follow 134 

the same protocol. 135 

The proposed experiments can be categorized as “pacemaker” experiments, in which the atmospheric surface heat flux is 136 

modified to constrain the model SSTs to follow observations. Hereafter, we will refer to this simply as SST restoring. The 137 

overarching goal of the pacemaker experiments proposed for TBIMIP is to gain a deeper understanding of TBI and its potential 138 

role in seasonal-to-decadal predictions. This includes a better understanding of the pathways involved and their relative 139 

importance. Much of the interest in TBI stems from its potential to increase the skill of seasonal predictions, particularly that 140 

of ENSO and its global impacts. Quantifying the contribution of TBI to prediction skill is therefore one of the major goals of 141 

the TBI experiments, and a subset of the experiments is dedicated to this goal. 142 

2 Justification for the TBI Model Intercomparison Project (TBIMIP) 143 

While many experiments have been performed to explore TBI, these have followed varying experimental protocols, which 144 

makes it difficult to compare results, as discussed in section 1. This was one of the major motivations for proposing an 145 
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intercomparison project in which all models follow the same experimental protocol. Based on such coordinated experiments, 146 

it will be possible to evaluate the model dependence and robustness of the pathways of TBI. 147 

Many general circulation model (GCM) intercomparison projects have been conducted and their output is publicly available 148 

in many archives, most notably those of CMIP, which are hosted by the Earth System Grid Federation (ESGF). This prompts 149 

the question whether there is a need for yet another intercomparison study. We first note that while a wealth of intercomparisons 150 

has been performed, none of them has been dedicated to TBI at interannual timescales. The DCPP component of CMIP6 151 

features some experiments that are related to TBIMIP. That project, however, focuses on decadal variability, while TBIMIP 152 

focuses on interannual variability. Since the AMV is the most pronounced pattern on decadal and longer time scales, most 153 

DCPP experiments are designed to examine AMV impacts. As such, they examine the impacts of AMV-related SST anomalies, 154 

which evolve slowly and extend into the high latitudes. The only experiment that partially overlaps with TBIMIP is the DCPP 155 

Tier 3 experiment “dcppC-pac-pacemaker”, in which SSTs in the tropical Pacific are restored to observations. In addition to 156 

only one model having performed this experiment, the DCPP focus on decadal timescales means that the settings are not 157 

ideally suited for exploring interannual TBI. The Global Monsoons Model Inter-comparison Project (GMMIP; Zhou et al. 158 

2016) also features one experiment that is related to TBIMIP. In hist-resIPO, SST anomalies are restored to observations in 159 

the central and eastern tropical Pacific. Four models in the CMIP6 archive have completed this experiment but the protocol 160 

differs from that of TBIMIP. Importantly, there are no corresponding experiments for the tropical Atlantic and Indian Ocean. 161 

We thus believe that the TBIMIP experiments proposed here offer a unique opportunity for exploring TBI and its role in 162 

climate variability. Due to its seasonal prediction component, TBIMIP will also offer an up-to-date dataset for comparing the 163 

prediction skill of state-of-the art prediction systems. 164 

While the proposed TBIMIP experiments are distinct from the DCPP experiments, they may provide complementary 165 

information regarding the role of tropical processes in decadal climate variability. Further synergy with existing CMIP6 166 

experiments is provided by the use of the existing CMIP6 experiment “historical” as the reference for one subset of the 167 

proposed experiments, as explained in Section 3. This eliminates the need to run a separate control simulation, thereby reducing 168 

TBIMIP's computational load. It also allows comparison with the numerous experiments that are derived from “historical” and 169 

are available in the CMIP6 archive, such as “hist-volc”. 170 

3 Experiment design of TBIMIP 171 

Here we describe some details of the experiment design. The full description can be found at 172 

https://www.clivar.org/sites/default/files/documents/TBI_CoEx_design.pdf or https://doi.org/10.5281/zenodo.13864935. A 173 

summary of the experiments is given in Table 1. 174 

 175 

 branch 1: Standard pacemaker branch 2: Pacemaker hindcast 
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 name description name description 

Tier 1 TBI-HIST-CTRL Reference experiment: Coupled 
ocean-atmosphere simulation 
with radiative forcing from 
historical (up to 2014) and 
ssp585 (2015-2021). If 
historical has already been 
performed, only extension from 
2015-2021 is needed. 

TBI-HIND-CTRL Hindcast experiment for the period 
1982-2021 with SST initialization 
in February (mandatory), and May, 
August, November 
(recommended). 
Depending on the initialization 
method, there may be the need for 
a separate control experiment. 
See experiment design for details. 

TBI-PACE-P-
ANOM 

Pacemaker experiment with 
SST restoring in the tropical 
Pacific (15°S-15°N). The 
restoring target is the model 
SST climatology plus observed 
SST anomalies 

TBI-HIND-P-
ANOM 

Restore SST anomalies in the 
tropical Pacific to lead-time 
dependent model climatology plus 
observed anomalies during 
forecast period. 

TBI-PACE-A-
ANOM 

Like TBI-PACE-P-ANOM but for 
the tropical Atlantic (10°S-
10°N). 

TBI-HIND-A-
ANOM 

Like TBI-HIND-P-ANOM but for 
the tropical Atlantic. 

TBI-PACE-I-
ANOM 

Like TBI-PACE-P-ANOM but for 
the tropical Indian Ocean 
(15°S-15°N). 

TBI-HIND-I-
ANOM 

Like TBI-HIND-P-ANOM but for 
the tropical Indian Ocean. 

Tier 2   TBI-HIND-CTRL As in Tier 1. 

TBI-PACE-P Like TBI-PACE-P-ANOM but 
restore to full-field SST 
observations. 

TBI-HIND-P Like TBI-HIND-P-ANOM but 
restore to full-field observations. 

TBI-PACE-A Like TBI-PACE-A-ANOM but 
restore full-field SST 
observations. 

TBI-HIND-A Like TBI-HIND-P but for the 
tropical Atlantic. 

TBI-PACE-I Like TBI-PACE-I-ANOM but 
restore to full-field SST 
observations. 

TBI-HIND-I Like TBI-HIND-P but for the 
tropical Indian Ocean. 

Tier 3  reserved for future experiments  reserved for future experiments 
Table 1.   Overview of the TBIMIP experiments. The latitudes refer to the core restoring regions. These are tapered off over 10° 176 
buffer zones to the north and south. 177 

Similar to other MIPs, the experiments are grouped into three tiers, with Tier 1 having the highest priority. Experiments in this 178 

tier use the anomaly restoring technique, while experiments in Tier 2 use full-field restoring to observations. Tier 3 is currently 179 

left for future additional experiments that may be suggested by analysis of the Tier 1 and Tier 2 experiments. Both tiers are 180 

divided into two sets, or branches, of experiments. The first branch consists of standard pacemaker experiments,  which are 181 
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continuous integrations over the historical period from 1982-2021 (starting from 1870 is recommended) with SST restoring in 182 

selected basins. The second branch consists of pacemaker hindcasts, which are initialized seasonal predictions with SST 183 

restoring in selected basins. Examples of such experiments can be found in the literature (e.g., Keenlyside et al. 2013; Luo et 184 

al. 2017). Participating groups can choose to perform only one of the two branches or both. For a given branch, however, all 185 

experiments should be performed. 186 

Since the Tier 1 experiments use anomaly restoring, the SST target has to be calculated as the model SST climatology plus 187 

observed SST anomalies. The base period for calculating both the climatology and the anomalies is 1982-2019. The model 188 

climatology must be calculated from the reference simulation, which is TBI-HIST-CTRL for the standard pacemaker and TBI-189 

HIND-CTRL for the pacemaker hindcast. For Tier 2, in contrast, the target SST is taken directly as the full-field observations. 190 

The standard pacemaker experiments (branch 1) use the CMIP6 historical experiment as their control simulation. Groups that 191 

did not participate in CMIP6 should follow the CMIP6 protocol to perform the equivalent of historical. The radiative forcing 192 

is available via the ESGF website at https://pcmdi.llnl.gov/CMIP6/Guide/modelers.html. Where a pre-industrial control 193 

simulation (e.g., piControl in CMIP6) exists, a random year from that simulation should be chosen to initialize the control 194 

simulations. The CMIP6 forcing for the historical experiment is only available until 2014. It is suggested to use the radiative 195 

forcing from the ssp585 experiment for the period 2015-2021. However, since the radiative forcing does not vary much across 196 

scenarios for the first few years, any of these scenarios will be acceptable (Bi et al. 2022). 197 

Three pacemaker experiments are requested, one for each of the tropical Pacific, the tropical Atlantic, and the tropical Indian 198 

Ocean. In each of these experiments, SSTs are restored to the target SSTs in the restoring region (10°S-10°N for the Atlantic, 199 

and 15°S-15°N for the Pacific and Indian Ocean). The restoring is linearly tapered to zero over a 10° buffer zone to the north 200 

and south of the core restoring region. The restoring time scale should be 15 days over a 50 m deep layer. The target SST is 201 

based on that of the CMIP6 AMIP experiments but extended to December 2022 (Paul Durack, personal communication). The 202 

AMIP SST is derived from the Extended Reconstructed Sea Surface Temperature version 5 (ERSSTv5; Huang et al. 2017). 203 

Masking has to be used to limit the SST restoring to the target basin. The restoring regions, including tapering zones, are 204 

illustrated in Fig. 3. The core integration period for the standard pacemaker experiments is 1982-2021, but starting from 1870 205 

is recommended, to allow for more robust analysis. The experiments should be initialized from the control simulation (CMIP6 206 

historical or equivalent) and use the same radiative forcing. A minimum of 10 ensemble members is recommended. The method 207 

of generating perturbed ensemble members is left to the modelling groups. One simple method is to slightly perturb the initial 208 

atmospheric temperatures. 209 

https://doi.org/10.5194/egusphere-2024-3110
Preprint. Discussion started: 4 November 2024
c© Author(s) 2024. CC BY 4.0 License.



9 
 

 210 
Figure 3.   The basin mask to be used for the TBIMIP experiments. See the section on “Data and code availability” for how to obtiain 211 
the data. The tropical Indian Ocean (TIO), the tropical Pacific (TPAC), and the tropical Atlantic (TATL) are indicated by yellow, 212 
blue, and red shading, respectively. The core restoring regions are demarcated by horizontal lines, and the transition zones by 213 
opacity gradients. Note the narrower meridional width of the tropical Atlantic restoring region. 214 

The pacemaker hindcasts (branch 2) are hindcast experiments with SST restoring in a selected basin. The control experiment 215 

is a standard hindcast experiment. Many modelling groups may already have performed a hindcast experiment. Those who do 216 

not must first complete this before performing the pacemaker hindcast experiments. 217 

The technique for initializing the hindcasts (data assimilation etc.) is left to the modelling groups. The minimum requirement 218 

is one initialization on February 1 of each year from 1982 through 2021. Each integration should be at least 12 months long. 219 

Additionally, initializations on May 1, August 1, and November 1 are recommended. Finally, March 1 initializations may be 220 

useful for assessing prediction skill in the equatorial Atlantic, due to the seasonality of the AZM. 221 

Three pacemaker hindcast experiments are performed, one for each basin. The initialization method should be the same as for 222 

the control hindcast. The restoring region and strength are the same as for the standard pacemaker experiments in branch 1. 223 

The SST restoring starts with the initialization and is maintained throughout the forecast period. As for the standard pacemaker 224 

experiments, a minimum of 10 ensemble members is recommended. 225 

4 Climate model pacemaker experiments 226 

4.1 Basic concept and rationale 227 

At the heart of TBIMIP are coupled ocean-atmosphere experiments with SST restoring in selected target regions. Typically, 228 

the restoring target is a time-varying observed SST distribution, in which case the SSTs will follow the observations in the 229 

target region. In the wider sense of the meaning, pacemaker experiments can also restore to idealized SST distributions, such 230 

as a composite El Niño event, or a seasonal climatology. The general idea behind these pacemaker experiments is to examine 231 

the response of the atmospheric circulation and the subsequent impacts on the climate system outside the restoring region. A 232 

well-known example is the pacemaker experiment of Kosaka and Xie (2013), which examined how the global surface 233 
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temperatures respond to prescribing SST in the central and eastern tropical Pacific. In particular, Kosaka and Xie (2013) were 234 

interested in how the tropical Pacific influences the evolution of the global temperature trend. Another example would be a 235 

pacemaker experiment in which SSTs are restored to observations in the tropical Atlantic in order to analyze the impacts of 236 

the tropical Atlantic on ENSO variability (e,g., Ding et al. 2012; Keenlyside et al. 2013; Exarchou et al. 2019; Liu et al. 2023). 237 

Such pacemaker experiments ask the question: To what extent will the climate system follow the observed evolution if one of 238 

its components is forced to follow observations? Tropical SSTs are an obvious candidate for this kind of intervention due to 239 

their strong influence on the atmospheric circulation. Other fields, however, can also be subjected to intervention, such as the 240 

surface wind fields (e.g., Richter et al. 2012; Ding et al. 2014; Gastineau et al. 2019; Voldoire et al. 2019), which have a strong 241 

impact on the ocean circulation and the surface enthalpy flux. 242 

4.2 Methodology for SST restoring 243 

There are several methods for constraining SST to follow a target time series. SST corresponds to the temperature of the 244 

uppermost vertical level of the ocean component. One approach is therefore to add a correction term to the temperature 245 

equation of the ocean model that nudges the SST toward the target value. The strength of the term is proportional to the 246 

difference between the target and model SST. This approach is akin to ocean data assimilation and has been employed in TBI 247 

studies (e.g., Chikamoto et al. 2016), and for the initialization of prediction experiments (Keenlyside et al. 2005; Ding et al. 248 

2012; Keenlyside et al. 2013).  249 

The top ocean level interacts with the atmospheric model component through a coupler routine (e.g., Craig et al. 2017), which 250 

regulates the exchange of fluxes between the atmosphere and ocean. Another approach for modifying SSTs is therefore through 251 

manipulating inside the coupler routine the heat flux that goes into the ocean, which is the method recommended for the 252 

TBIMIP experiments. The heat flux in tropical regions consists of four components: net surface shortwave radiation, net 253 

surface longwave radiation, latent heat flux, and sensible heat flux. Of these, the sensible heat flux is usually chosen for 254 

manipulation (e.g., Kosaka and Xie 2013), and this is the method recommended for TBIMIP. Finally, because the flux coupler 255 

controls the SSTs that are “seen” by the atmospheric component, one can modify only this value, thereby “tricking” the 256 

atmosphere into reacting to a temperature that is different from the actual ocean SST. This approach leaves the ocean 257 

component completely unchanged (Richter and Doi 2019). Furthermore, it allows the SSTs to exactly follow a given 258 

distribution (as far as the atmosphere is concerned), rather than approximating it through correction terms. A potential 259 

drawback is that this can lead to very unrealistic heat fluxes into the atmosphere (Wang et al. 2005). 260 

4.3 Considerations when modifying the surface heat flux 261 

When constraining SSTs via the surface heat flux method, as recommended for the TBIMIP experiments, several issues need 262 

to be considered. 263 

First one has to decide on the strength of the restoring flux. The ocean mixed layer is an important concept to consider because 264 

it is the layer that rapidly adjusts to the surface forcing. In the tropical oceans, a typical value for the mixed-layer depth (MLD) 265 
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is 50 m. Using this as a reference MLD, and based on the temperature difference between the actual and the target SST, one 266 

can calculate the flux that is needed to achieve the target SST over a certain time scale: 267 

𝐹 = (𝑇! − 𝑇")𝜌𝐶#
$%&
'

 ,                                                                               (1) 268 

where F is the correction heat flux [W m-2], 𝑇! is the target SST [K], 𝑇" is the model SST [K], 𝛒 is the density of seawater [kg 269 

m-3], 𝐶# is the heat capacity of seawater [J K-1 kg-1], MLD is the mixed-layer depth [m], and 𝛕 [s] is the restoring time scale. 270 

Thus, the heat flux needed increases with the deviation of the model SST from the target SST, the MLD, and the inverse of 271 

the restoring time scale. It is clear from Eq. 1, that an instantaneous adjustment (𝛕=0, i.e., perfect agreement with the target 272 

SST) would require an infinite heat flux. One therefore must compromise between the correspondence with the target SST and 273 

a surface heat flux that is not overly disruptive. In the literature, a wide range of restoring time scales has been used. The 274 

SINTEX-F1 seasonal prediction model (Luo et al. 2005) uses restoring time scales from 1 day to 3 days over 50 meters as a 275 

simple data assimilation scheme for its forecasts. At the other end of the spectrum, restoring time scales of 30-60 days over 50 276 

meters are used for decadal variability experiments, such as the CMIP6 DCPP. The IPSL decadal forecast system uses SST 277 

nudging and a restoring time scale of 30 days as an assimilation scheme (Servonnat et al., 2015). 278 

So, what are the reasons for not using short restoring time scales even though they allow for the highest correspondence with 279 

the target SST? There are two main reasons. First, for short restoring time scales, the heat fluxes required can lead to very 280 

unrealistic changes in the ocean circulation. Because the heat flux is absorbed in the top layer first, the immediate temperature 281 

response could lead to unrealistic changes in vertical stability and, consequently, in vertical mixing. Second, overly strong 282 

restoring can lead to unrealistic behaviour  in regions where SST is primarily driven by the surface heat fluxes, rather than 283 

driving them (Frankignoul 1985; Frankignoul et al. 1998). This applies not only to extra-tropical regions but also to regions of 284 

the Indian Ocean, Western Pacific, and North tropical Atlantic (Klein et al. 1999, Alexander et al. 2002, Wang et al. 2000). In 285 

that case, strong restoring can affect the lead-lag relationship of SST and surface heat fluxes and even change the sign of this 286 

relationship, as has been shown in the context of AMV pacemaker experiments. This, in turn, can lead to an inconsistent large-287 

scale response, when the SST-mediated changes in surface fluxes produce unrealistic diabatic atmospheric heating and 288 

teleconnection patterns (Ding et al. 2014). In particular, the subtropical North Atlantic was found to have an undue influence 289 

when SST restoring was performed there (Kim et al. 2020; O’Reilly et al. 2023; Kim et al. 2024). 290 
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 291 
Figure 4.   Lead-lag correlation of anomalous SST and surface enthalpy flux (SHF; the sum of sensible and latent heat flux) -6 to +6 292 
months. Positive correlations indicate that positive SST anomalies are associated with SHF anomalies into the ocean. The data are 293 
from the ERA5 reanalysis (green line) and from the MRI-ESM2-0 CMIP6 model for experiments historical (blue line), hist-resAMO 294 
(orange line), and amip (brown line). The analysis period is 1979-2014 for all datasets. Filled circles indicate correlations that are 295 
significant at the 95% confidence level. The individual panels show the following area averages: (a) subtropical North Atlantic 296 
(subtrop NAtl; 40-10W, 20-30N); (b) northern tropical Atlantic (NTA; 40-10W; 10-20N); (c) equatorial North Atlantic (eq. NAtl; 297 
40-10W; 5-10N); ATL3 (20W-0; 3S-3N). 298 

Figure 4 examines the influence of SST restoring by examining the lead-lag relation between SST and surface enthalpy flux 299 

(SHF) for several regions that range from the subtropical North Atlantic (Fig. 4a) to the equatorial Atlantic (Fig. 4d; see figure 300 

caption for area definitions). The ERA5 reanalysis is compared to CMIP6 simulations with the MRI-ESM2-0 climate model 301 

from three different experiments: historical, with full ocean-atmosphere coupling; hist-resAMO, with relatively weak SST 302 

restoring (60 days over a 50 m layer) in the AMO region (core restoring region 5–65°N, 65–5°W, with 5° buffer zones in the 303 

meridional and zonal directions); and amip, with SST completely fixed. For both the reanalysis and the model simulations the 304 

analysis period is 1979-2014. In all three off-equatorial regions (Figs. 4a-c) the ERA5 reanalysis shows the highest positive 305 

correlation when SHF leads SST by one month, indicating that SHF anomalies are driving SST anomalies (Frankignoul et al. 306 

1998). The lowest negative correlation occurs when SHF lags SST by one month, with low values for the contemporaneous 307 

correlation. This behavior is well reproduced by the MRI-ESM2-0 historical simulations and, to a somewhat lesser degree, by 308 
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the hist-resAMO simulation, presumably due to the interference from the SST restoring. In the amip simulation, however, 309 

there are negative correlations for both SHF leading SST and SHF lagging SST, indicating that the model attempts to damp 310 

the SST anomalies at all times. This contrasts with both the reanalysis and the other model simulations and strongly suggests 311 

that the SST prescription disrupts the relation between SHF and SST. 312 

In the equatorial Atlantic (Fig. 4d), conversely, there are no categorical differences across the four datasets, with both the 313 

reanalysis and the simulations showing negative correlations that are lowest around the contemporaneous correlation. This 314 

indicates that the ocean circulation drives SST anomalies, while the atmosphere damps them through SHF anomalies. 315 

Given that SST restoring can lead to unrealistic fluxes outside the deep tropics, it is advisable to limit the meridional width of 316 

the restoring region. We therefore restrict the core restoring region from 10°S to 10°N in the tropical Atlantic, and from 15°S 317 

to 15°N in the tropical Pacific and Indian Ocean, with 10° transition zones in each hemisphere. The smaller meridional extent 318 

of the tropical Atlantic restoring region is motivated by the fact that deep convection is more confined around the equator 319 

there, and by the studies mentioned above, which indicate unrealistic fluxes in the subtropical North Atlantic when SSTs are 320 

restored there.  321 

An important choice to make is whether to use full-field or anomaly SST restoring. In full-field restoring, the target SST field 322 

is the total observed SST, i.e., observed SST climatology plus observed SST anomaly. In anomaly restoring, on the other hand, 323 

the target is model climatology plus observed SST anomaly. The advantage of anomaly restoring is that it preserves the model 324 

SST climatology in the restoring region, so that it remains consistent with the climatology outside the restoring region, thus 325 

reducing the effect of sharp gradients. In the equatorial and southern tropical Atlantic, models tend to have a pronounced warm 326 

bias (e.g. Richter and Tokinaga 2020). Under such circumstances, prescribing the observed climatology will reduce the average 327 

SST in the region and may fundamentally change the way it interacts with other basins. Anomaly restoring therefore offers a 328 

way to avoid undesirable side effects of the SST intervention. A potential disadvantage for a multi-model intercomparison is 329 

that the total prescribed SST values will be different for every model. This may make it more difficult to compare results across 330 

models. In addition, the method requires some consideration on how to calculate the target SSTs. To illustrate this, we introduce 331 

a few equations. The total model SST can be written as the sum of a climatology and an anomaly: 𝑇" = 𝑇" + 𝑇"′, where the 332 

overbar denotes the seasonally varying climatology, and the prime denotes the anomaly. Likewise, the total observed SST can 333 

be written as 𝑇( = 𝑇( + 𝑇(′. For anomaly restoring, the restoring target is the sum of model climatology and observed anomaly:  334 

𝑇! = 𝑇" + 𝑇(′. An energy imbalance can occur in the model if there is a mismatch between the restoring target and the model 335 

SST of the free-running control simulation: 𝐸 = 𝑇! − 𝑇" = 𝑇" + 𝑇() − (𝑇" + 𝑇") ) = 𝑇() − 𝑇") . If this imbalance accumulates 336 

over the integration period, it can potentially change the SST distribution outside the restoring region and adversely affect the 337 

outcome of the pacemaker experiment. Such an imbalance can occur if the base period (used for the calculation of the 338 

climatology) is different between model and observations, due to the warming trend during the historical period. It is therefore 339 

important to use a consistent base period when calculating the restoring target. Even with the same base period, however, an 340 

imbalance can occur if the base period is much shorter than the integration period. As an example, consider a case where we 341 
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define the base period as 1982-2019 but perform the pacemaker experiment over the period 1870-2021. Both the model and 342 

the observed SST anomalies are calculated relative to the same 1982-2019 base period: 𝑇") = 𝑇" − 𝑇."
(+,-.→.0+,) and 𝑇() =343 

𝑇( − 𝑇.(
(+,-.→.0+,), where, without loss of generality, we neglect the seasonal dependence of the climatology. The time-344 

integrated imbalance then becomes 345 

∫ 𝐸𝑑𝑡!.
!+ = ∫ (𝑇() − 𝑇") )𝑑𝑡

!!
!"

= ∫ (𝑇( − 𝑇")𝑑𝑡
!!
!"

− ∫ (𝑇.(
(+,-.→.0+,) − 𝑇."

(+,-.→.0+,))𝑑𝑡!!
!"

																												(2)                                            346 

where t1 and t2 denote the integration period of the pacemaker experiment. Noting that the second term on the right-hand side 347 

of equation (2) is constant, and dividing by the integration period, we obtain 348 

𝐸.!+→!. = 𝑇.(
(!+→!.) − 𝑇."

(!+→!.) − 4𝑇.(
(+,-.→.0+,) − 𝑇."

(+,-.→.0+,)5																															(3) 349 

If the integration period is equal to the base period (t1=1982, t2=2019), the imbalance is identical to zero. Non-trivial imbalances 350 

can arise when the integration period is substantially longer (e.g., 1870-2021, as in our example) and if the difference between 351 

model and observed SST substantially changes over the longer period. In other words, problems arise when the simulated and 352 

observed SST trends are substantially different. We test this for a few selected models participating in the CMIP6 historical 353 

experiment (Fig. 5a), using as the observational reference the CMIP6 AMIP SST, which is derived from ERSSTv5 (see section 354 

3). The area average of SST over the tropical Pacific varies substantially across models, with the warmest model being almost 355 

1.5 degC warmer than the coldest model, and the observations roughly at the middle. This bias spread, however, is of no 356 

concern for our experiments because the bias itself does not enter into the energy imbalance. The important question is whether 357 

the gap between a given model and the observations varies substantially over time. We therefore remove the time mean and 358 

replot the SST evolution (Fig. 5b). The curves essentially collapse into one, suggesting that the bias of a given model is mostly 359 

time-invariant. We conclude that using a shorter base period should not lead to major imbalances though this should be 360 

carefully evaluated for each model. 361 
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 362 
Figure 5.   SST (C) averaged over the tropical Pacific (entire basin width, 30°S-30°N) for the ERSSTv5 observations and 7 models 363 
from the CMIP6 historical experiment as indicated by the legend in the upper left of each panel. For the models, the lines represent 364 
the average over all respective ensemble members. The panels show (a) full field SST, and (b) the deviation of the full-field SST from 365 
its 1870-2014 time average for each dataset. 366 

Following the above analysis, we define 1982-2019 as our base period. Using this relatively short base period for TBIMIP is 367 

motivated by the fact that it is a subset of the minimum period requested for all TBIMIP simulations. Thus, this period should 368 

be available to all participating groups. In particular, the hindcast intervention experiments (see section 4) will only be 369 

performed for the period 1982-2021, meaning that a longer base period would not be possible for those experiments. 370 
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When restoring SSTs in a particular ocean basin, one has to consider not only the meridional but also the zonal extent of the 371 

restoring region. For the tropical Atlantic, the American and African coastlines provide an obvious choice for a basin mask. 372 

The boundary between the tropical Pacific and Indian Ocean is not as obvious because the Indonesian Throughflow is a porous 373 

boundary. Some previous experiments have avoided this problem by excluding the entire western tropical Pacific (e.g., Kosaka 374 

and Xie 2013). For TBIMIP, we choose to extend the tropical Pacific region all the way to the Maritime Continent, according 375 

to the basin mask provided by the World Ocean Atlas (Locarnini et al. 2010). Some modifications were performed to simplify 376 

the basin mask (Fig. 3). This mask is publicly available. See the “Data and code availability” section for how to obtain the 377 

data. 378 

4.4 Drawbacks of pacemaker experiments 379 

While pacemaker experiments are a useful tool for understanding the interaction among the tropical basins, they also have 380 

potential shortcomings. 381 

1) The infinite heat source problem 382 

SST restoring can lead to a potentially infinite heat source or sink. The larger the difference between restoring target and model 383 

SST, the larger the heat flux that has to be pumped into the ocean or atmosphere (see Eq. 1). This adjustment flux is a purely 384 

mathematical entity and therefore not bounded by any energy constraints. In practice, this issue will be more prominent when 385 

full-field restoring is used and when there are large model biases. Even in anomaly restoring experiments, however, this issue 386 

can arise in regions where the atmosphere exerts an important influence on the ocean, such as in the subtropics. In such regions, 387 

the underlying assumption of SST pacemaker experiments that the SSTs drive the atmosphere is not valid, which can lead to 388 

unrealistic results, as discussed in section 4.3. 389 

2) Shift in the model dynamics 390 

The intervention in the model dynamics may perturb the simulation to such an extent that it fundamentally alters the simulated 391 

basic flow. In that case, interpretation of the results may be difficult. Again, this factor will be more important when full-field 392 

restoring is used. 393 

3) Insufficient model fidelity 394 

If the simulated variability patterns are substantially different from those observed, it may be difficult to draw conclusions 395 

about nature. An example would be the seasonal preference of variability patterns. ENSO, e.g., is known to have its peak in 396 

boreal winter and models are known to struggle with reproducing this seasonal synchronization (Stein et al. 2014; Liao et al. 397 

2021). If a model ENSO peaks in summer, e.g., this may have serious repercussions on how it interacts with other basins. One 398 

of the reasons for TBIMIP is exactly to study this model dependence. 399 

4) Incomplete decoupling of basins 400 

While the goal of TBIMIP is to study the influence of individual basins on the climate system, this separation into individual 401 

basins cannot be completely successful. The SSTs one prescribes in the tropical Atlantic, e.g., implicitly contain some impact 402 

from the tropical Pacific because ENSO has contributed to shaping them. It is therefore not possible to completely isolate the 403 
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influences of individual basins, and this should be borne in mind when analyzing the output from pacemaker experiments. For 404 

instance, it has been shown that in the context of assessing impacts on predictability that relaxation towards observations 405 

experiments greatly overestimate ENSO forecast skill because of the built-in presumed perfect evolution of the stochastic 406 

noise-driven component of SSTs as well as the aforementioned ENSO effect on remote SSTs (see discussion in Zhao et al. 407 

2024). 408 

5) Reliability of the observations 409 

In addition to 1) – 4), which are limitations inherent to the modelling approach, there is also the problem of the reliability of 410 

the observations used to design the restoring target. This is mainly an issue for the pre-satellite era, when SST measurements 411 

mostly relied on shipboard observations. Thus, this issue can potentially affect the pacemaker experiments, if they are extended 412 

beyond the satellite observation period. Results from this period will have to be treated with caution. 413 

Despite the caveats listed above, we do believe that pacemaker experiments are a valuable tool for gaining a deeper 414 

understanding of TBI. 415 

5 Participation 416 

The participation of multiple modelling groups is essential for the success of any MIP. At the time of writing, several groups 417 

have performed part of the experiments or are at the preparation stage, as detailed in Table 1. The participation of additional 418 

groups is highly welcome. The minimum requirement is the completion of at least one branch (standard pacemaker or 419 

pacemaker hindcast) of the Tier 1 or Tier 2 experiments. For the standard pacemaker branch, this consists of the control 420 

historical experiment and one experiment for SST restoring in each tropical basin. The minimum integration period is 1982-421 

2021. Assuming 10 ensemble members, the minimum simulation time is 4 experiments x 10 ensemble members x 40 years 422 

per simulation, which equals 1600 simulation years. This reduces to 1200 simulation years if a historical simulation is already 423 

available. 424 

Model Center Type of experiment Status 

CESM2 US NSF NCAR pmaker hindcast completed 

CESM2 US NSF NCAR standard pmaker ongoing 

CESM2 SCSIO, China Tier 2 expmnts ongoing 

NorCPM U. of Bergen hindcast+standard completed 

SINTEX-F2 JAMSTEC pmaker hindcast ongoing 

MIROC6 
JAMSTEC, University of 
Tokyo/NIES 

hindcast+standard ongoing 

ACCESS-CM2 CSIRO, Australia standard pmaker in preparation 

ACCESS-CM2 CSIRO, Australia Tier 3 expmnts completed 
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IPSL-CM6A-LR IPSL, France standard pmaker in preparation 

KCM 
GEOMAR, Germany 

PNU, Korea 
standard pmaker in preparation 

Table 2.   Status of the TBIMIP experiments execution at the time of writing. Unless explicitly noted, the status refers to Tier 1 425 
experiments. “pmaker hindcast” and “hindcast” stand for the pacemaker hindcast branch, and “standard pmaker” and “standard” 426 
stand for the standard pacemaker branch of the experiments (see section 3). 427 

For the pacemaker hindcast experiments, the minimum requirement is one control hindcast experiment, and one SST 428 

intervention experiment for each basin. The minimum hindcast period is 1982-2021, with at least one initialization per year 429 

(on February 1) that is integrated for 12 months into the future. Thus, the minimum simulation time is 4 experiments x 10 430 

ensemble members x 1 forecast initialization per year x 1 year per forecast x 40 years, which again equals 1600 simulation 431 

years.  432 

The minimum requirements for output variables to be archived can be found in Table 3. All variables need to follow the CMIP 433 

conventions, including variable name and output format (“cmorization”). One variable that is only found in a few of the CMIP6 434 

experiments is hfcorr, which is the heat flux term applied to restore SST to the target value. This is an important diagnostic for 435 

examining the potential energy imbalance created by the heat flux correction and is also a measure for how much the ocean 436 

SST would diverge from the target SST if left unperturbed, i.e., the degree to which the ocean-atmosphere system resists the 437 

SST restoring. In many models, outputting this variable will require code modifications. Note that this variable should be 438 

separate from the sensible heat flux or latent heat flux variables, even though it may eventually be added to one of these in the 439 

flux coupler. 440 

 2D atmosphere 3D atmosphere 2D ocean 3D ocean 

Level 1 

ts, uas, vas, pr, ps, psl, 
hfls, hfss, rsus, rsds, rlus, 
rlds, rlut, rsdt, rsut, tauu, 
tauv, cld, tas, sfcWind, 
hfcorr* 

ta, ua va, wap, zg, hus 
zos, tos, hfcorr, z20* 
(depth of the 20C-
isotherm) 

thetao 

Level 2 
daily mean: ts, uas, vas, 
pr, ps, ua200, va200, 
wap500 

 

uos, vos, mlotst, 
tauuo, tauvo, 
hcont300 
daily mean: zos, uos, 
vos, z20 

uo, vo, wo, so 

Level 3 

mrso, prw, huss, hurs, sic, 
snd; daily mean: ta, ua, 
va, wap, zg, hus (reduced 
levels: 850, 500, 200, 100, 
50 hPa) 

cl, tntmp* (diabatic 
heating); components of 
tntmp* (latent, sensible, 
shortwave, longwave) 

msftbarot, msftmz, 
hfbasin; 
daily mean: sos; 
ocean heat budget 
terms* 

rhopoto 
ocean heat budget 
terms* 

Table 3.   Minimum requirements for output variables of the TBIMIP experiments in all three tiers and for both branches. The 441 
CMIP vocabulary for variable names is used. Variables that may not be included in the standard output of models are marked by 442 
an asterisk. If not indicated otherwise, monthly means are requested. Details of output variables recommended can be found at 443 
https://www.clivar.org/sites/default/files/documents/TBI_CoEx_design.pdf. 444 

We are aiming to make the model output available to the community through the CMIP6Plus project (https://wcrp-445 

cmip.org/cmip6plus/), which has been set up to bridge the interim period between CMIP6 and CMIP7. There will be an 446 
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embargo period during which data will be available only to participating groups and members of the Climate and Ocean - 447 

Variability, Predictability, and Change (CLIVAR) TBI Research Focus. During this period, we will perform a quality check 448 

of the data and perform some initial analysis. After the embargo is lifted, the data will be made available to the community, 449 

just as other CMIP6 data. Under the current timeline, this is anticipated to happen in mid-2025. 450 

6 Discussion of complementary approaches to investigating TBI 451 

The experiments of TBIMIP were conceptualized by the CLIVAR Research Focus on Tropical Basin Interaction. These 452 

experiments are useful for probing the interaction among the tropical ocean basins but also have their limitations, as discussed 453 

in Section 4.4. TBIMIP should therefore be viewed as one tool for understanding TBI, rather than delivering a definitive 454 

answer. Indeed, the CLIVAR Research Focus on Tropical Basin Interaction is involved in a range of activities aimed at 455 

fostering observational and paleo proxy research, as well as the use of conceptual models and statistical analysis. Below, we 456 

therefore discuss additional approaches to complement the output from TBIMIP, with the aim of highlighting ongoing research 457 

efforts and encouraging future experimentation and analysis. 458 

Held (2005) advocated for the use of a hierarchy of models to advance understanding of the climate system, with models 459 

ranging from conceptual to highly complex. Subsequent studies have elaborated on this concept (e.g., Jeevanjee et al. 2017; 460 

Stuecker 2023). The recharge oscillator (Jin 1997) can be considered as a prime example of a conceptual model and is one of 461 

the simplest models capable of reproducing observed ENSO behaviour. Initially designed for the tropical Pacific only, this 462 

model has been extended to include interactions with other regions (Jansen et al. 2009). Most recently, Zhao et al. (2024) have 463 

presented an extended recharge oscillator with remarkable ENSO prediction skill. This model is being made available to the 464 

community and should be a useful tool for studying TBI. Its low complexity will facilitate the interpretation of experimental 465 

results. 466 

Another simple approach for modelling the climate system is the linear inverse model (LIM; Hasselmann 1988; Penland and 467 

Magorian 1993). While typically somewhat more complex and less amenable to intuitive physical understanding than the 468 

recharge oscillator, LIMs offer a rich framework of analysis tools, such as optimal precursors (Penland and Sardeshmukh 469 

1995) and principal oscillation patterns (Hasselmann 1988; von Storch et al. 1995). Recently, LIMs have been modified to 470 

allow for the study of TBI (Alexander et al. 2022; Kido et al. 2022). The technique involves splitting the LIM operator matrix 471 

into submatrices that represent the interaction between two basins and then selectively setting those submatrices to zero. The 472 

interbasin LIM developed by Kido et al. (2022) will be made available to the community. 473 

Intermediate complexity models (ICMs) are situated halfway between conceptual models and GCMs. The Cane-Zebiak (CZ) 474 

model (Cane and Zebiak 1987) consists of a reduced-gravity ocean and a shallow-water-equation atmosphere component, the 475 

latter based on the work by Gill (1980). While originally developed for the tropical Pacific to study and predict ENSO, it has 476 

also been adapted for the tropical Atlantic (Zebiak 1993). A CZ model for the interaction between the three tropical ocean 477 
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basins could be an important addition for the study of TBI, as it could bridge the gap between conceptual models and GCM 478 

experiments. 479 

Another example of an ICM is the SPEEDY model, developed by Molteni (2003). The code of this model is available to the 480 

community and has been used by a number of researchers to study TBI (e.g., Sun et al. 2017; Molteni et al. 2024). The SPEEDY 481 

model can be used as a stand-alone AGCM, or can be coupled to either a slab ocean model (Molteni et al., 2024) or a full 482 

complexity ocean model (Ruggieri et al., 2024). The advantage of this type of model is that the atmospheric component is very 483 

fast compared to state-of-the-art climate models, allowing to perform more than 100 years of simulation in 24 hours on a single 484 

CPU, while reproducing observed large-scale climate variability similar to state-of-the-art models. This computational 485 

efficiency advantage remains even when coupled to complex ocean models (Kucharski et al., 2016a, 2016b). Indeed, in 486 

Kucharski et al. (2016b), several previously proposed ways of Tropical Atlantic mode forcing of Pacific climate variability 487 

have been revisited from interannual to multidecadal time-scales in ensembles of century-long pacemaker experiments. The 488 

relative simplicity of the model code allows modifications that may be used to efficiently test hypotheses for TBI. 489 

Toward the complex end of the spectrum, GCM experiments with idealized boundary conditions, such as simplified geometries 490 

or SST patterns, or idealized narrowband forcing timescales (e.g., Su et al. 2005; Stuecker et al. 2015; Stuecker et al. 2017a,b; 491 

Stuecker 2018), may offer a way to increase our understanding of TBI. Recently Dommenget and Hutchinson (2024) have 492 

performed TBI experiments with idealized land-sea configurations. A twin Pacific configuration, for instance, highlighted 493 

clearly how tropical basin interaction can lead to synchronized and highly amplified variability in the tropical oceans. This 494 

concept helps to understand how tropical basin interaction develops in simplified setups, and how it transforms into more 495 

complex, less obvious interaction in more realistic setups. The output from these experiments will be made available to the 496 

community. Another form of idealized GCM experiments consists of restoring SSTs to climatology in a specified region, 497 

which allows exploring how the absence of certain variability patterns, such as ENSO, influences the atmospheric circulation 498 

(Richter and Doi 2019) and remote basins (Kataoka et al. 2018; Liguori et al. 2022). 499 

Machine learning (ML), in particular deep learning, is increasingly being used for predicting interannual climate variability 500 

(e.g., Ham et al. 2019; Zhou and Zhang 2023). While ML is often seen as the epitome of a black box approach, impervious to 501 

human understanding, there are efforts to remedy this problem (e.g., Gibson et al. 2021; Bommer et al. 2024), such as 502 

identifying predictors (Shin et al. 2022) or using ML to discover prediction equations via symbolic regression (Brunton et al. 503 

2016; Najar et al. 2023). Such approaches may also be useful for the study of interbasin interaction, by identifying key regions 504 

and pathways influencing another basin, or by devising simple models of TBI. 505 

In addition to deep learning, there are other nonlinear statistical approaches. One of them is complex network analysis, which 506 

has been applied to various TBI-related topics, such as identifying teleconnections of the Indian summer monsoon (Di Capua 507 

et al. 2020), and the linkage between the tropical Atlantic and Pacific (Karmouche et al. 2023). Other methods that can be 508 

brought to bear on TBI include generalized event synchronization analysis (Mao et al. 2022), and analog-models (Ding and 509 

Alexander 2023). 510 

https://doi.org/10.5194/egusphere-2024-3110
Preprint. Discussion started: 4 November 2024
c© Author(s) 2024. CC BY 4.0 License.



21 
 

Common to all the conceptual models and statistical methods described above is that they are, to a large extent, data driven. 511 

Some conceptual models like the recharge oscillator may be devised using physical understanding but eventually require fitting 512 

their parameters to observations, because these cannot be derived from first principles. Thus, all these models require training 513 

and validation on the limited observational data record (see discussion on the length of the available data record in section 1).  514 

The number of adjustable parameters is quite limited for conceptual models like the recharge oscillator but rapidly grows with 515 

the complexity of the model, with deep learning known to be data-intensive. This may be another obstacle standing in the way 516 

of ML being applied to climate sciences and the study of TBI. While the observational record is short and confounded by 517 

changing radiative forcing, long climate simulations under steady radiative forcing are available. These climate simulations 518 

are subject to systematic errors, as discussed in section 1, and therefore training data-driven models on GCMs may have its 519 

limitations. On the other hand, ML and conceptual models trained on GCM output may help to understand the behaviour of 520 

GCMs and the way they portray TBI. Thus, tools like the recharge oscillator, LIMs, and/or ML models could be used to 521 

augment the results of GCM experiments. 522 

We conclude that many tools are available for analysing TBI, all with their own strengths and weaknesses. Optimally 523 

combining these tools is a difficult task but crucial for gaining a deeper understanding of TBI. Fostering the development of 524 

such tools and their application to TBI is one of the priorities of the CLIVAR Research Focus on Tropical Basin Interaction. 525 

We hope that the coordinated GCM experiments will be one useful contribution toward this goal. 526 

7 Summary 527 

Interaction among the tropical basins is a crucial component of the climate system. A deeper understanding of TBI holds the 528 

key to improved predictions of subseasonal to decadal climate variability, and to projecting how this variability will change 529 

under greenhouse gas forcing. The TBIMIP introduced here, aims to make progress in this direction through a set of multi-530 

model coordinated GCM experiments. As shown in section 6, there are alternative and complementary approaches using 531 

conceptual models and statistical approaches. The strength of GCM experiments lies in their comprehensive depiction of the 532 

climate system, which allows analyzing the physical mechanisms of TBI, thus contributing to our understanding of TBI. 533 

Furthermore, GCMs are primarily based on fundamental physical laws and thus, unlike data-driven models, are not limited by 534 

the relatively short observational data record. While GCMs are subject to biases, the multi-model approach will allow assessing 535 

the influence of these model biases on the model results. In addition to offering a rich dataset for the analysis of TBI and its 536 

underlying mechanisms, TBIMIP will also allow us to quantify the importance of individual pathways. This should contribute 537 

to a deeper understanding of TBI and to reconciling conflicting results of previous studies. By making the datasets from the 538 

experiments available to the community we hope to stimulate research in this important research area.  539 

      540 
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Data and code availability. The ERA5 reanalysis data were obtained from 541 

https://www.ecmwf.int/en/forecasts/datasets/reanalysis-datasets/era5. ETOPO5 was obtained from the National Geophysical 542 

Data Center, NOAA, at https://doi.org/10.7289/V5D798BF. The CMIP6 model datasets are available from the Earth System 543 

Grid Federation (ESGF) at https://esgf- node.llnl.gov/search/cmip6/. The AMIP SST boundary conditions are available from 544 

the ESGF website at https://aims2.llnl.gov/search/input4mips/, by setting “MIP Era” to CMIP6Plus and variable name to 545 

tosbcs, version 1.1.9. The ERSSTv5 SST, on which the AMIP SST are based, can be obtained from 546 

https://www.ncei.noaa.gov/products/extended-reconstructed-sst. The basin mask used to create Fig. 3 can be found at 547 

https://doi.org/10.5281/zenodo.13865022. Note that the meridional restoring width to be used in the TBIMIP experiments is 548 

not indicated in this data set. 549 

The code to produce the figures can be found at https://zenodo.org/records/14000123. 550 
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