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ABSTRACT 15 

Global mean surface temperature (GMST), which has continued to rise due to the 16 

anthropogenic greenhouse gas forcing, is closely related to the sea surface temperature 17 

variability in the tropical Pacific. In particular, GMST is known to increase during a strong and 18 

short-lived El Niño. By contrast, the global cooling effect of a weak and long-lived La Niña 19 

remains underexplored, particularly that of multi-year La Niña. This study shows that multi-20 

year La Niña events tend to have a strong cooling effect on GMST based on observations and 21 

climate model simulations. The minimum of GMST around the second-year La Niña becomes 22 

larger despite the comparable or weaker amplitude of La Niña. The persistent La Niña cools 23 

the pantropical climate, causing a temporary GMST warming stagnancy, whereas the cooling 24 

effect of a single-year La Niña is weaker due to the lagged response of other tropical basins 25 

and its transience. Yet, even during so-called triple-dip or longer events, global cooling can 26 

persist despite the modest La Niña forcing, because the pan-tropical climate has already been 27 

cooled. Applying the resistor–capacitor (RC)-framework analogy, we demonstrate that the 28 

lagged decreases in GMST and its lower bound during multi-year La Niña episodes arise 29 

naturally from the climate system’s intrinsic transient sensitivity and the heat capacity of the 30 

ocean mixed layer. The RC framework would offer a simple, intuitive, and pedagogically 31 

useful tool for interpreting the GMST response to ENSO. 32 

 33 

1. Introduction 34 

Global mean surface temperature (GMST) is the most widely used integrative metric of 35 

Earth and planetary science (IPCC 2021). It provides a common baseline for comparing 36 

climates across eras, regions, and even planets. As a spatial average over land and ocean 37 

surfaces, GMST condenses myriad processes, such as radiative forcing by greenhouse gases, 38 

aerosols, water-vapor and cloud feedbacks, ocean heat uptake, and cryosphere changes, into a 39 

single, policy-salient indicator. International temperature targets aimed at constraining climate 40 

change are framed in terms of GMST anomalies relative to a pre-industrial baseline, and 41 

detection-and-attribution assessments routinely rely on its evolution to quantify the human 42 

fingerprint on climate. 43 

GMST has been rising for more than a century (Osman et al. 2021). The anthropogenic 44 

greenhouse gas imposes a radiative imbalance and warms the planet. However, the pace of 45 

global warming is not constant and occasionally slows down. While irregular anthropogenic 46 
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forcings and intermittent volcanic forcings can modulate GMST, natural climate variability 47 

also modulates the global warming rate. A decadal hiatus of global warming observed in the 48 

2000s was caused by lower-than-average sea surface temperatures (SSTs) in the eastern Pacific 49 

(Kosaka and Xie 2013) and GMST change exhibits a staircase-like shape following the natural 50 

decadal variability (Kosaka and Xie 2016; Meehl et al. 2011; Watanabe et al. 2014), which is 51 

referred to as the Interdecadal Pacific Oscillation (IPO) (Power et al. 1999; Zhang et al. 1997).  52 

Interannual SST variability in the tropical Pacific, as distinct from decadal fluctuations, is 53 

predominantly caused by the El Niño-Southern Oscillation (ENSO) (Walker 1923; Bjerknes 54 

1966). Due to the existence of ENSO, SSTs in the equatorial eastern Pacific oscillate between 55 

warm and cool phases, which are referred to as the El Niño and La Niña events, respectively. 56 

ENSO controls tropospheric temperature over the tropics on the interannual time scale (Horel 57 

and Wallace 1981; Pan and Oort 1983; Yulaeva and Wallace 1994; Sobel 2002). When a strong 58 

El Niño occurs, GMST tends to be high since heat stored in the upper ocean is released into 59 

the atmosphere (Trenberth et al. 2002; Thompson et al. 2009). ENSO exhibits an asymmetry 60 

between El Niños and La Niñas (An and Jin 2004; Kohyama and Hartmann 2017; Timmermann 61 

et al. 2018); El Niño events tend to be strong and short-lived, whereas La Niña events tend to 62 

be weak and long-lived (Larkin and Harrison 2002). Compared to stochastic wind-driven 63 

strong El Niño events, strong La Niña events are more tightly linked to slowly varying 64 

thermocline variability, offering a clearer source of long-lead predictability and a compelling 65 

target (Dommenget et al. 2013).  66 

In this study, we shed light on the longevity of a La Niña, rather than a short-lived El Niño, 67 

in determining GMST. In recent years, the ENSO research community has paid much attention 68 

to the so-called “multi-year La Niña”, during which the La Niña phase persists for more than a 69 

year (DiNezio and Deser 2014; Iwakiri and Watanabe 2021, 2022; Kim et al. 2023; Park et al. 70 

2020; Wu 2020; Fasullo et al. 2023). Multi-year La Niña events are known to cause regionally 71 

distinct responses (Cole 2002; Okumura et al. 2017; Iwakiri and Watanabe 2020; Jiang et al. 72 

2025). However, while the ENSO–GMST relationship has been extensively studied, to the best 73 

of our knowledge, the impact of a multi-year La Niña on GMST has not been specifically 74 

examined. Multi-year La Niña events could have a relatively strong cooling effect on GMST, 75 

because they are expected to cool the atmosphere longer than single-year events. Recent studies 76 

emphasized a global warming spike-driven by strong El Niño events (Hu and Fedorov 2017; 77 

Raghuraman et al. 2024; Jiang et al. 2025; Tsuchida et al. 2026), but strong El Niño events are 78 

often followed by multi-year La Niña (Wu et al. 2019; Iwakiri and Watanabe 2021), so the 79 
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resulting GMST spike is expected to be transient. As observed multi-year La Niña events 80 

provide limited samples, we analyze multi-model large-ensemble (MMLE) simulations 81 

spanning eleven models with 20–100 ensemble members each, yielding more than 30,000 82 

model years. This dataset isolates internal climate variability, by removing the common forced 83 

signals of human activities, volcanic eruption and so on, and ensures a sufficient number of 84 

events. 85 

The manuscript is organized as follows. Section 2 describes the observational datasets and 86 

models used. Section 3 investigates the GMST response to La Niña persistence using these 87 

data and models. Section 4 evaluates this response with a conceptual framework, and Section 88 

5 demonstrates the utility of that model by reproducing the historical response. Section 6 89 

presents the discussion. 90 

 91 

2. Data and methods 92 

a. Observational and reanalysis data sets 93 

We use the Goddard Institute for Space Studies surface temperature analysis version 4 94 

(GISTEMPv4) (Lenssen et al. 2019) for surface air temperature (SAT), and the Extended 95 

Reconstruction SST version 6 (ERSSTv6) (Huang et al. 2025a,b) for SST. SAT is used to 96 

calculate GMST. Anomalies are defined as deviations from the monthly climatology, which is 97 

calculated for each month as a long-term mean over the period from 1950 through 2024, except 98 

for GISTEMPv4. GISTEMPv4 is provided as anomalous surface temperatures relative to the 99 

1951-1980 climatology. Quadratic detrending is applied to remove the global warming effect. 100 

This study focuses primarily on the last 75 years (1950–2024) because the proportion of 101 

missing data varies significantly before 1950, which may cause uncertainties in estimating the 102 

GMST, particularly in terms of regional contributions (Fig. S1). Also, our conclusion is not 103 

sensitive to selected period demonstrated in the multi-model ensemble (see below). 104 

 105 

b. Multi-model large ensemble simulations 106 

We utilize a collection of single model initial-condition large ensemble simulations from the 107 

multi-model large ensemble archive version 2 (Maher et al. 2024), conducted with the Coupled 108 
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Model Intercomparison Project (CMIP). We use six CMIP5-class Global Climate Models 109 

(GCMs) (Taylor et al. 2012), CanESM2 (Kirchmeier-Young et al. 2017), CESM1-CAM5 (Kay 110 

et al. 2015), CSIRO-Mk3-6-0 (Jeffrey et al. 2013), GFDL-CM3 (Sun et al. 2018), GFDL-111 

ESM2M (Rodgers et al. 2015), and MPI-ESM (Maher et al. 2019), and five CMIP6-class 112 

GCMs (Eyring et al. 2016), ACCESS-ESM1-5 (Ziehn et al. 2020), CanESM5 (Swart et al. 113 

2019), MIROC6 (Tatebe et al. 2019), MPI-ESM1-2-LR (Olonscheck et al. 2023), GFDL-114 

SPEAR-MED (Bethke et al. 2021). The models are forced by historical forcings, the 115 

Representative Concentration Pathway 8.5 (RCP8.5) for CMIP5 models, and the Shared 116 

Socioeconomic Pathway (SSP) 5-8.5 scenario for CMIP6 models. The period of simulations 117 

from 1950 to 2024 is used, and all models include a sufficient number of ensembles, more than 118 

20, to extract the external forced signals (See Table S1). The forced component of the model 119 

simulations is defined as the ensemble mean and is subtracted from each simulated output to 120 

isolate pure internal variability. We analyze the period from 1950 to 2024, but it is not sensitive 121 

to the selected period (Fig. S2). The externally forced signal arising from differences among 122 

the future scenarios emerges mainly from the mid-21st century onward and therefore the choice 123 

of future scenario does not affect the results. Also, we use mixture of RCP8.5 and SSP5-8.5 124 

scenarios, but even separate analysis leads to the same conclusion, indicating independence on 125 

emission scenario (Fig. S3).  126 

 127 

c. Definition of ENSO 128 

ENSO is measured based on the time series of SST anomalies averaged over the Niño 3.4 129 

region (170°W-120°W, 5°S-5°N), called the Niño 3.4 index. La Niña events are extracted if 130 

the October-February (ONDJF)-mean Niño 3.4 index falls below −0.5 standard deviation as 131 

considering ENSO amplitude varies across observation and each model. A multi-year La Niña 132 

is defined as a La Niña event that continues for two or three consecutive years, called the 133 

double-dip and triple-dip La Niñas, respectively (Iwakiri and Watanabe 2022). Extracted 134 

observed La Niña is shown in Table S2. As triple-dip La Niña events are rare in observation, 135 

only three samples are extracted during 1950-2024 (1973-76, 1998-2001, 2020-23). Note, even 136 

when the observational analysis is extended to 1900–2024, only four triple-dip La Niña events 137 

are identified, so the statistics change little. To account for greater uncertainties in early–20th 138 

century observations and availability of MMLE datasets (Fig. S1), our baseline analysis 139 

focuses on 1950–2024. The first year of the composited La Niña is denoted as the Year 0. The 140 
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number of detected ENSO events also varies across models, but for MMLE-mean, we first take 141 

ensemble-mean, and then take multi-model mean to treat each model equally.  142 

 143 

d. Significance test 144 

The statistical significance and confidence interval are evaluated using bootstrap tests with 145 

1,000 resampling iterations. For models with multiple ensemble members, the ensemble-mean 146 

of each metric is first calculated. Then, bootstrapping is applied across the multi-model 147 

ensemble, treating each model equally. Also, the statistical significance of composite analysis 148 

is assessed, and p-values are calculated for each individual model. A combined p-value for the 149 

MME-mean composite is derived from the Stouffer Z-score method (Stouffer et al. 1949).  150 

 151 

3. GMST response to a multi-year La Niña 152 

GMST has increased under anthropogenic forcing (Fig. 1), yet the rate of increase is modulated 153 

by internal climate variability. Multi-year La Niña episodes have recurred with notable 154 

frequency over the past 75 years and often persist for two to three years. During these episodes, 155 

GMST typically dips, thereby exerting a transient cooling influence that temporarily slows the 156 

apparent warming trend on event timescales. When the annual mean is defined from July to 157 

June to better follow the ENSO life cycle, a consistent decrease in GMST is found between the 158 

first and second La Niña dips (Fig. S4). 159 

 160 

 161 
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Figure 1. Historically observed annual-mean (calendar-year) global-mean surface temperature (GMST) 162 
anomalies relative to 1850-1900, obtained by adding a 0.19℃ offset following the NASA GISS guide. Blue 163 
bars are multi-year La Niña years. Black line is the quadratic trend. 164 

 165 

Figure 2 shows the GMST response to La Niña persistence. In observations, the GMST 166 

response to a single-year La Niña lags the event peak (November–December–January), 167 

reaching its minimum in boreal winter (December–January–February, DJF) with a drop of 168 

approximately −0.11℃. When La Niña persists for two consecutive years, so-called double-169 

dip La Niña, the cooling lasts correspondingly longer and the minimum deepens to roughly 170 

−0.16℃. The amplitude of the second-year La Niña is comparable to that of the first year. 171 

Although only a few triple-dip La Niña events are observed, the GMST cooling persists even 172 

further, with large uncertainty. 173 

Given the small number of observed cases, we extend the analysis to MMLE simulations. The 174 

large-ensemble framework removes the common forced signal of both anthropogenic forcing 175 

and volcanic eruption and isolates internal variability, providing many realizations and 176 

substantially narrowing uncertainty. Across models, single-year La Niña events decrease 177 

GMST by −0.11℃ on average with small uncertainty. During double-dip La Niña, the cooling 178 

lasts longer and the minimum occurs during the second year, deepening to −0.18℃, which is 179 

statistically significantly larger in magnitude than for single-year events. These GMST 180 

amplitudes are quantitatively consistent with observations. It should be noted that the amplitude 181 

of the second-year La Niña is smaller than that of the first year.  For the triple-dip cases, GMST 182 

decreases for three years, but the minimum occurs in the second year at −0.18℃ and is 183 

comparable to that of the double-dip La Niña composite, suggesting that comparable cooling 184 

persists during the third La Niña peak despite the weaker La Niña forcing. Together, the MMLE 185 

simulations capture the main observed features while yielding a cleaner signal, and they 186 

suggest a lower bound on La Niña–induced GMST reductions. 187 

 188 
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 189 

Figure 2. Evolutions of the La Niña persistency and their corresponding global-mean surface temperature 190 
(GMST) responses. (a) Composited evolutions of (top) single-year, (middle) double-dip, and (bottom) triple-191 
dip La Niña events based on the observation. Orange bars and black lines represent the 3-month seasonal-192 
mean GMST and the Niño 3.4 index (Unit: ℃), respectively. Horizontal dashed line is the GMST minimum 193 
recorded in La Niña cycle. Shadings and error bars are the 95% confidence intervals. Values in parentheses 194 
are the numbers of extracted events. (b) As in (a), but for multi-model large ensemble. 195 

 196 

Focusing on the strong minimum around the second peak of multi-year La Niña, we compare 197 

the spatial patterns (Fig. 3a). In observations, the first-peak composite features pronounced 198 

cooling in the tropical Pacific and the Indian Ocean and the second-peak pattern is broadly 199 

similar but exhibits further cooling over the Atlantic. To diagnose regional roles, we 200 

decomposed GMST anomalies into basin contributions as follows: 201 

 𝑇𝐴𝑖 =
1

𝐴𝐺
∫𝑇 𝑑𝐴

 

𝐴𝑖

, (1) 
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where 𝑇 is surface temperature. 𝐴 is the area and the subscript 𝑖 denotes each specific domain. 202 

Domains we used are the tropical Pacific (140°E-80°W, 30°S-30°N; shown as the black box in 203 

Fig. 3a), the tropical Indo-Atlantic  (80°W-140°E, 30°S-30°N), and the extratropics (north of 204 

30°N and south of 30°S). Both land and ocean regions are considered; their respective 205 

contributions are discussed later. The surface integral of T over each region is normalized by 206 

the Earth’s surface area (𝐴𝐺), representing its regional contribution to GMST. The sum of the 207 

tropical Pacific and the Indo-Atlantic contributions represent the tropical contribution, and the 208 

sum of all values from the three domains is equal to GMST (= ∑ 𝑇𝐴𝑖𝑖 ).  209 

This analysis indicates that tropical Pacific cooling is of comparable magnitude in the first- and 210 

second year, whereas mean cooling over the tropical Indian-Atlantic sector is greater in the 211 

second year, accounting for the additional GMST decline; extratropical contributions are 212 

smaller but of the same tendency (Fig. 3b). We note, however, that uncertainties for the regional 213 

attribution are larger than for GMST itself, and thus analysis is extended to MMLE simulations 214 

for the attribution. MMLE simulations reproduce basic features: Pacific cooling is similar 215 

across the two years, while enhanced Indian and Atlantic cooling in the second-year 216 

substantially augments the global mean response. The second-year amplification therefore 217 

reflects a pan-tropical cooling, with a key contribution from delayed ENSO-related adjustments 218 

in the Indian and Atlantic sectors outside the Pacific (Klein et al. 1999; Alexander 2002; 219 

Chowdary and Gnanaseelan 2007). From a dynamical perspective, the tropical troposphere 220 

rapidly communicates ENSO-related temperature anomalies under the weak temperature 221 

gradient (WTG) approximation (Sobel et al. 2001; Sobel 2002), in which gravity-wave 222 

adjustment, often mediated by equatorial Kelvin waves, acts to reduce zonal temperature 223 

gradients, but timescales appear to be determined by slower mixed-layer response. This 224 

timescale may be on the order of several months to about half a year in the Indian Ocean, 225 

whereas the Atlantic basin may respond on a timescale of about one year. Despite sizable 226 

observational uncertainties, both the observations and MMLE results converge on the 227 

conclusion that the GMST decrease during multi-year La Niña is explained primarily by 228 

enhanced tropical (especially Indian and Atlantic) cooling around the second year. 229 

To consider the rapid adjustment of the tropical troposphere, the land response cannot be 230 

neglected. Here, the land and ocean contributions are quantified as the respective fractions of 231 

land and ocean cooling relative to the total pan-tropical cooling around the second year, 232 

compared to the first peak. In the tropics, about 65% of the second-peak cooling occurs over 233 

the ocean, with the remaining 35% over land in MMLE simulations. Observation suggests an 234 
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opposite partition (about 35% over the ocean and 65% over land), albeit with substantial 235 

uncertainty. In both cases, it indicates a non-negligible land contribution alongside the ocean. 236 

 237 

 238 

Figure 3. Multi-year La Niña-induced surface temperature cooling and its regional contribution. (a) 239 
Composite spatial patterns of the SAT response to a multi-year La Niña in December-January-February 240 
(DJF), derived from observation (upper: first-year peak; lower: second-year peak). Dots indicate non-241 
significance at the 95 % confidence level. (b) Decrease in GMST during multi-year La Niña peaks and their 242 
domain-wise contributions. Each bar represents the composites of GMST during the La Niña peak season. 243 
Red, yellow, and blue represent contributions of three domains to GMST: the tropical Pacific (enclosed by 244 
black outline in a), the tropical Indo-Atlantic sector, and the extratropics, respectively.  Error bars are the 245 
95 % confidence intervals. (c,d) As in (a,b), but for multi-model large ensemble. 246 

 247 

4. Temperature response to multi-year La Niña demonstrated by RC 248 

framework 249 

Considering that multi-year La Niña cools pan-tropics, we demonstrate the anomalous tropical-250 

mean surface temperature (TMST) cooling using an idealized framework. TMST is defined as 251 

the area-weighted mean over 30°S-30°N, encompassing half of Earth’s surface area. We apply 252 

a Resistor-Capacitor (RC) circuit, as follows: 253 
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 𝑅𝐶
𝑑𝑉𝑜𝑢𝑡(𝑡)

𝑑𝑡
+ 𝑉𝑜𝑢𝑡(𝑡) = 𝑉𝑖𝑛(𝑡), (2) 

where 𝑅 is the resistor and 𝐶 is the capacitor of the system. 𝑉𝑖𝑛 and 𝑉𝑜𝑢𝑡 represent the input 254 

and output voltages, respectively. As an application to the climate system, 𝑅 can translate into 255 

the sensitivity of the system and 𝐶  is the heat capacity. Then, 𝑅𝐶  has units of time and 256 

determines the time constant of the target. These parameters should be changed depending on 257 

the system we apply. Since this study focuses on the ENSO-forced GMST response, which is 258 

transient climate response mainly dominated in the tropics, 𝐶 is the ocean mixed-layer heat 259 

capacity, calculated as 𝜌𝑐𝑝ℎ, and 𝑅 is the transient climate sensitivity of tropical ocean on the 260 

seasonal to interannual time scale.  261 

Accordingly, the RC low-pass filter framework, with the lag set by target system’s heat 262 

capacity and sensitivity, can be rewritten as follows: 263 

 𝛾𝜌𝑐𝑝ℎ
𝑑𝜙𝑜𝑢𝑡

𝑑𝑡
+ 𝜙𝑜𝑢𝑡 = 𝜙𝑖𝑛, (3) 

where, 𝜌 is the seawater density, 1024 kg m-3, 𝑐𝑝  is the specific heat capacity at constant 264 

pressure, 4125 J kg-1 ℃-1. Given that we focus on the tropical response to ENSO on the year-265 

to-year timescales, ℎ is the tropical-mean mixed-layer depth and the 𝛾 is the sensitivity of the 266 

tropical mixed-layer to radiative forcing (℃ W-1 m2). Thus, 𝛾𝜌𝑐𝑝ℎ has units of time and sets 267 

the system’s e-folding response timescale and the equilibrium amplitude is determined by 268 

forcing amplitude. Because the eastern Pacific (180°-90°W, 15°S-15°N) for ENSO forcing 269 

occupies roughly one quarter of the tropics, local forcing is redistributed to pan-tropics, and 270 

thus we weigh the output by this fractional area (≈1/4). As illustrated by the RC-circuit analogy 271 

in Fig. 4a, 𝜙𝑖𝑛 is the ENSO forcing, represented here by the Niño 3.4 index, and 𝜙𝑜𝑢𝑡 is the 272 

TMST response.  273 

To estimate the appropriate transient sensitivity 𝛾, we perform 10-member ensemble abrupt 274 

CO2 increase experiment in state-of-the-art climate model, MIROC-ES2L (Hajima et al. 2020). 275 

A CO2 doubling experiment corresponds to an effective radiative forcing of ~3.7 W m-2 (Myhre 276 

et al. 1998; Gregory and Webb 2008). Each abrupt CO₂ increase experiment lasts for 5 years, 277 

focusing on seasonal to interannual responses, and is initialized from an initial condition 278 

randomly taken from a 700-year-long pre-industrial control run. 𝛾 is evaluated by the transient 279 

response of tropical ocean mixed-layer temperature to radiative forcing. Although the multi-280 
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year La Niña-induced cooling has a land contribution (Section 3), the land surface responds 281 

more rapidly than the ocean mixed layer. Accordingly, in coupled GCM, the mixed-layer ocean 282 

response used here also reflects the influence of the land fast response. The climate response 283 

depends on the forcing type and magnitude. However, differences in efficacy across 284 

greenhouse gases and aerosol types are mostly within ~20% and are sufficiently small to 285 

neglect in this study (Hansen et al. 2005). For simplicity and clarity, we therefore adopt the 286 

abrupt CO2 doubling experiment to estimate 𝛾, as it is widely used in the IPCC assessments. 287 

Since there are likely other possible methods to estimate response sensitivity, it is necessary to 288 

define it for each target system and examine the sensitivity of the results. On the month-to-year 289 

timescales relevant to ENSO, the tropical mixed-layer temperature response is approximately 290 

0.2–0.5℃ (Fig. 4b). In this study, the parameter value is not uniquely constrained and allows 291 

some extent of tolerance, given uncertainty in models and observations. Note, while the 292 

framework could be used to diagnose GMST directly, with some adjustment and tuning, we 293 

formulate it to diagnose TMST, leveraging the WTG approximation under which ENSO-294 

related temperature response is rapidly communicated across the tropics. 295 

 296 

 297 
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Figure 4. (a) Concept for application of a Resistor-Capacitor (RC) circuit to the transient ENSO impact. 298 
(b) Tropical-mean (30°S-30°N) mixed-layer temperature response to abrupt doubling CO2 experiment in 299 
MIROC-ES2L, representing transient sensitivity of the system on the seasonal-to-interannual time scale. 300 
Shading shows 95% CI based on 10 ensemble simulations.  301 

 302 

Figure 5a illustrates the RC low-pass filter’s response to an idealized square wave-like ENSO 303 

forcing, with 𝛾=0.5°C/3.7Wm-2 and mixed-layer depth ℎ=30m. We assess how persistence 304 

controls TMST decreases and increases. For an idealized one-year phase transition of ENSO, 305 

the TMST lags the forcing and alternates between cooling and warming, but the sign flip occurs 306 

before the response can reach its asymptotic bounds. When the forcing persists for two years, 307 

TMST cools more than in first year and almost approaches its lower bound (and, in the opposite 308 

phase, its upper bound). Extending the persistence to three years produces little further change, 309 

as the response saturates, but persistent cooling is maintained even under weaker La Niña 310 

forcing. Despite its simplicity, this experiment captures the qualitative TMST evolution during 311 

multi-year La Niña.  312 

We perturb the parameters 𝛾  and ℎ  to examine the interpretation (Fig. 6). It clearly 313 

demonstrates that a larger transient sensitivity of mixed-layer temperature leads to slower 314 

response. With larger 𝛾, negative radiative feedback is weaker for a given temperature anomaly, 315 

causing the energy imbalance to persist longer and the temperature to adjust slowly. Similarly, 316 

a deeper mixed layer leads to a slower response timescale since it increases the system’s heat 317 

capacity. Consequently, the response time scale becomes longer in proportion to the product 318 

of 𝛾 and ℎ. 319 

As a more realistic test, we force the RC low-pass filter with the La Niña composites (Fig. 5b). 320 

With appropriately chosen parameters, the RC output closely reproduces the observed TMST 321 

amplitude and phase, including the enhanced second-year cooling and the apparent lower 322 

bound. Thus, under the RC-circuit analogy, the lagged response and its saturation during multi-323 

year La Niña are constrained by the mixed-layer heat capacity and its adjustment time at 324 

interannual scales, providing a parsimonious explanation for the GMST decline, the amplified 325 

second-year minimum, and the persistence of cooling beyond the second year even under 326 

weaker La Niña. 327 

 328 
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 329 

Figure 5. Responses of RC circuit to an idealized and realistic ENSO forcings. (a) Idealized square forcings 330 
(black) mimic single-year La Niña (upper), double-dip La Niña (middle), triple-dip La Niña (lower panel). 331 
Red lines represent the response of RC circuit. (b) As in (a), but for realistic Niño 3.4 forcing, derived from 332 
multi-model large ensemble composite. Orange lines represent the anomalous tropical-mean surface 333 
temperature (TMST) as the reference (true) value from multi-model large ensemble.  (c) RC circuit response 334 
of idealized triple-dip La Niña and strong El Niño. Thick and thin red lines are the responses with and without 335 
the addition of the observed quadratic trend over the last 50 years, respectively. 336 

 337 
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 338 

Figure 6. Parameter sensitivity of an idealized double-dip La Niña forcing in the RC circuit as a function of (a) 339 
perturbed 𝛾 with fixed ℎ = 30m and (b) perturbed ℎ with fixed 𝛾 = 0.5℃/3.7Wm−2. 340 

 341 

5. Historical temperature response to ENSO demonstrated by RC 342 

framework 343 

Figure 7 shows 75-year time series of ENSO, GMST, and TMST. Lead–lag correlations 344 

indicate that most GMST variability is explained by TMST and is essentially contemporaneous, 345 

consistent with the tropics covering roughly half of Earth’s surface. TMST, in turn, is largely 346 

driven by ENSO and peaks a few months after the ENSO index (Klein et al. 1999; Chiang and 347 

Sobel 2002). Thus, ENSO influences GMST primarily by modulating TMST, and despite its 348 

geographic confinement to the tropical Pacific, it imprints a global signal on interannual 349 

timescales. By contrast, extratropical temperatures are largely uncorrelated with ENSO and are 350 

determined by other factors (Fig. 7c; Hurrell 1995; Thompson and Wallace 2000; Knight et al. 351 

2006). These relationships between ENSO and regional temperature hold in MMLE 352 

simulations (Fig. S5). 353 

 354 
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 355 

Figure 7. Relationships among observed Niño 3.4 index, GMST, and TMST (unit: ℃). (a) 3-month running 356 
mean time series of Niño 3.4 index (black), GMST (purple), and TMST anomalies (orange). (b) Lead-lag 357 
correlation between TMST and GMST. (c) As in (b), but for Niño 3.4 index and TMST (extratropical-mean 358 
temperature; thin line). (d) As in (b), but for Niño 3.4 index and GMST. 359 
 360 

 361 

Here we generalize beyond La Niña type and demonstrate the broader applicability of the RC-362 

circuit framework to the full ENSO record. The bottom time series of Fig. 8 shows the TMST 363 

and RC response to ENSO forcing. With parameters 𝛾 =0.2℃/3.7Wm-2, the RC model 364 

reproduces the TMST variability with high skill (R=0.8), while underestimating the amplitude 365 

by 18%. Therefore, RC-circuit framework can be widely applicable to global historical 366 

response to ENSO.  367 

 368 
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 369 

Figure 8. ENSO-forced tropical mean temperature. Lower time series show Niño 3.4 (black), observed 370 
anomalous TMST (orange), and response of RC circuit (red). Upper time series are with the addition of 371 
observed quadratic trend. Blue shadings are multi-year La Niña years. 372 

 373 

To quantify parametric uncertainty, we perturb ℎ from 20–60m and 𝛾  from 0.1–0.8℃ per 374 

3.7Wm-2, which are potentially within the range of observational or model uncertainty, and 375 

assess changes in correlation, amplitude, and lag (Fig. 9). Correlation remains high across this 376 

range, indicating that the RC filter robustly captures TMST variation. As expected, deeper 377 

mixed layers and larger sensitivities (which increase the effective time constant) yield a more 378 

lagged and more strongly damped response. Given typical tropical mixed-layer depths of 30–379 

50m and the observed few-month delay of TMST relative to ENSO, a characteristic response 380 

magnitude of 0.2–0.5℃ is one reasonable parameter (Fig. 4b). However, ENSO also modulates 381 

mixed-layer depth and sensitivities vary across models, and thus parameter may be varied. Our 382 

aim is not to fine-tune unique parameters; Nonetheless, the ability of the RC-circuit framework 383 

to reproduce realistic lagged behavior and near-observed amplitudes over wide parameter 384 

ranges supports its utility as a parsimonious surrogate for ENSO-driven temperature variability. 385 

Accordingly, the RC-circuit analogy supports the view that the tropical temperature response 386 
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to ENSO is regulated by the climate system’s interannual sensitivity and by the mixed-layer 387 

response on that timescale. 388 

 389 

 390 

Figure 9. Sensitivity of the RC circuit to the two parameters. (a) Phase space diagram showing the 391 
correlation between the observed TMST and the RC circuit response to the observed Niño 3.4 index. The x-392 
axis is sensitivity of transient response 𝛾, and the y-axis is mixed-layer depth ℎ. (b,c) As in (a), but for 393 
regression coefficient (amplitude) and maximum lag month (lag in the response). 394 

 395 
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6. Discussion 396 

We assess the global imprint of the recently spotlighted multi-year La Niña. While La Niña is 397 

expected to decrease GMST, differences in event persistence intensify this effect by spreading 398 

the cooling across all tropical basins; longer-lived episodes drive pan-tropical surface cooling 399 

that further decreases GMST despite weaker La Niña amplitude in the second year. This 400 

mechanism matters especially because ENSO is asymmetric—multi-year La Niña events occur 401 

more frequently than their El Niño counterparts—thereby magnifying their contribution to 402 

interannual GMST variability.  403 

Under anthropogenic warming, multi-year La Niña episodes act to temporarily slowdown 404 

GMST. Figure 5c illustrates this phenomenon with an idealized sequence: a sustained La Niña 405 

followed by a strong El Niño. The thick curve overlays a quadratic fit to the observed GMST 406 

trend onto the RC low-pass filter’s response. In this simple experiment, persistence of La Niña 407 

induces a transient slowing down in the warming trajectory, whereas the subsequent strong El 408 

Niño produces a short-lived overshoot in GMST. This evolution resembles the record-breaking, 409 

abrupt global warmth in 2023 that is followed by triple-dip La Niña (Xie et al. 2025; Esper et 410 

al. 2024; Tsuchida et al. 2026). Consistent with this analogy, adding the observed quadratic 411 

trend to the RC response, as shown in Fig. 8 upper, reproduces the sharp 2023 rise in TMST, 412 

underscoring the broader utility of the RC framework for interpreting how interannual ENSO 413 

variability interacts with the long-term warming trend. Moreover, because a multi-year La Niña 414 

often follows a strong El Niño (DiNezio and Deser 2014; Wu et al. 2019; Iwakiri and Watanabe 415 

2021), this warming spike is transient and is mitigated by the subsequent cooling associated 416 

with the multi-year La Niña. The RC framework is commonly used in electronics, but this 417 

study highlights its usefulness in explaining GMST responses to ENSO. It can be interpreted 418 

as the zero-dimensional energy balance model (Yulaeva and Wallace 1994), but the response 419 

sensitivity and capacity of the system used as parameters are valuable for intuitive 420 

understanding and educational purposes, aiding interpretation. It also has the potential to 421 

address a broad range of problems in climate science. 422 

Multi-year El Niños are observed, albeit less frequently. Unlike La Niña, multi-year El Niño 423 

events tend to have a larger amplitude in the second year (Wu et al. 2019; Kim and Yu 2020), 424 

and therefore an intensified second-year maximum can be readily inferred. This study does not 425 

treat multi-year El Niño, but it can be understood as a mirror image of multi-year La Niña since 426 

the GMST response to ENSO is mostly linear. Because the occurrence ratio of the observed 427 

multi-year La Niñas has been approximately twice as much as that of the multi-year El Niños, 428 
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the frequency of the episodic slowdown and the rising staircase of GMST are also expected to 429 

be asymmetric (see also Fig. 5c), unlike the expectation from the IPO-based explanation 430 

(Kosaka and Xie 2016). The frequency of strong El Niño and multi-year La Niña events is 431 

projected to increase under a high-emission scenario, potentially enhancing ENSO asymmetry 432 

(Cai et al. 2018, 2022; Geng et al. 2023). If the real world follows this scenario, episodic 433 

slowdowns of GMST and subsequent temperature increases could be observed more frequently, 434 

causing large and irregular interannual temperature variations in a changing climate. 435 
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