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Abstract 16 

Earth’s energy imbalance (EEI) and El Niño heat release from the subsurface tropical Pacific play a 17 

critical role in the variability of the near-surface climate system. An unusually large increase in EEI 18 

followed by El Niño heat release caused the record global temperatures of 2023 and 2024, and both 19 

drivers were elevated again in 2026. Here we show that a heat budget built on these two drivers 20 

effectively explains observed global temperature throughout the Argo era, and yields a one-year 21 

outlook conditioned on the current El Niño state. We find that the two-year temperature decline 22 

from the peak at the end of 2023 was driven mainly by subsurface heat uptake, which reversed to 23 

heat release by mid-2026. The heat uptake was not enough to cool global temperature to the level 24 

before 2023, leaving global temperature substantially higher, and additional heat from EEI in early 25 

2026 and the developing El Niño is projected to raise it further. If the El Niño heat release from the 26 

subsurface follows the 1997/98 path, the El Niño-year (July 2026–June 2027) global average 27 

temperature could reach 1.80 ± 0.06 K above the 1850–1900 baseline, 0.25 K above the record. 28 

Main text 29 

Global temperature stands at the 1.5 K warming level that the Paris Agreement pursues: the 30 

annual mean of 2024 exceeded 1.5 K above the 1850–1900 baseline for the first time1,2. Two 31 

physical drivers of global temperature therefore warrant attention, both of which acted in concert in 32 

the record years 2023 and 20243. The first is the release of heat from the tropical-Pacific subsurface 33 

to the surface at the transition from a multi-year La Niña to a strong El Niño4–6. The second is 34 

Earth’s energy imbalance (EEI), whose positive trend7–13 is accelerating the warming of the climate 35 

system14,15. The superposition of these drivers caused an exceptional heat surge in the near-surface 36 

ocean and atmosphere in 2023/243. Both drivers were elevated again in 2026, reminiscent of 2023 37 
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(Fig. 1b,c and Fig. 2). The elevated net radiation is concentrated at low latitudes, with the 30°S–38 

30°N belt, which occupies only half of Earth’s area, accounting for 80% of the global-mean 39 

anomaly in 2022/23 and 87% in 2025/26 (Fig. 2). In both episodes the EEI anomaly is dominated 40 

by reduced shortwave reflection. Most of this shortwave gain is associated with clouds, but 41 

increased longwave emission partly offsets the cloud-related gain, leaving comparable net 42 

contributions from cloud and clear-sky changes (Extended Data Fig. 1). 43 

Many previous studies have assessed the influence of El Niño and of global warming on 44 

global mean surface temperature (GMST) by regression on Niño indices16–18, and such regressions 45 

also provide forecasts of the coming year’s GMST4,16. Recently, a heat-budget analysis with EEI 46 

and the El Niño release of subsurface heat as the drivers was shown to explain the exceptional 47 

warmth of 2023/243. This study analyzed the heat budget of the atmosphere and the upper 100 m of 48 

the ocean, together referred to as the near-surface reservoir. The heat content of this reservoir is the 49 

sum of the atmospheric energy and the upper-100 m ocean heat content (OHC). Heat budget 50 

analysis quantifies the contributions of individual drivers even when they are correlated, as is the 51 

case for EEI and El Niño6,19,20. Their analysis, however, was applied to only three El Niño events 52 

over one-year periods, and did not show how the diagnosed variations of the near-surface heat 53 

translate into GMST. 54 

Here we propose a monitoring framework and apply it throughout the past two decades to 55 

quantify how EEI and the vertical ocean heat exchange of El Niño and La Niña drive changes in 56 

near-surface heat content, which is tightly correlated with GMST. This framework allows us to 57 

decompose past changes in heat content into contributions of specific drivers, and to develop an 58 

outlook for near-surface heat content over the coming year, from which we estimate GMST. 59 
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Applied to the developing 2026/27 El Niño, this framework demonstrates how tracking heat 60 

through the climate system can provide a physically based outlook for near-term GMST. 61 

Heat budget and its decomposition 62 

The central quantity of the framework is the near-surface heat (A+O100), the sum of the 63 

global atmospheric energy anomaly, A, and the global 0–100 m near-surface OHC anomaly, O100 64 

(Methods). By combining the atmospheric energy and the upper-100 m OHC together, we do not 65 

need to directly estimate the air–sea heat flux, whose uncertainty is large21,22. This near-surface 66 

energy co-varies with GMST (r = 0.966; Fig. 1d), and therefore the framework can be used to 67 

understand past and future GMST changes. For every month after a start month t0, the closed energy 68 

budget gives the change of (A+O100) from its value at t0 as the sum of three terms (Methods equation 69 

(2)). These terms are the heat exchanged with the tropical-Pacific subsurface layer at 100–300 m 70 

depth (Methods), representing vertical heat redistribution associated with the El Niño–Southern 71 

Oscillation (ENSO)23,24; the time integral of EEI, accumulating excess energy received from space; 72 

and the integrated background heat taken up by the other reservoirs, including the deep ocean, land, 73 

and cryosphere. An increase in the subsurface heat-release term indicates heat release, whereas a 74 

decrease indicates heat uptake. To take into account the acceleration of Earth’s heat uptake14,25,26, 75 

the background uptake is fitted as a linear function of time (Methods). This background uptake 76 

primarily represents heat storage in the ocean deeper than 100 m, where most of the excess energy 77 

associated with EEI accumulates27–31. 78 

The budget closes across the Argo era from the start month t0 = January 2008. The resulting 79 

reconstruction tracks the observed level of (A+O100) over the 18 years with a correlation of 0.992, a 80 

root-mean-square error (RMSE) of 3.0 ZJ, and a variance explained fraction (VARF; Methods) of 81 
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98% (Fig. 3a; per-product reconstructions in Extended Data Fig. 2). This tight closure means that 82 

the evolution of the near-surface heat can be understood as the sum of the contributions of the three 83 

terms. Net radiation exceeding background heat uptake accounts for the long-term increase in near-84 

surface heat. 85 

The decomposition explains both the 2023/24 surge and the subsequent decline. The 86 

record-high heat in 2023/24 resulted from the combined effects of tropical-Pacific subsurface heat 87 

release and radiative input exceeding background heat uptake, consistent with Minobe et al.3. After 88 

the 2023/24 peak, near-surface heat declined steadily in 2024 and 2025. Although background 89 

uptake continued, its integral was exceeded by the integral of net radiation (Fig. 3d), so the decline 90 

mainly reflected heat uptake by the tropical-Pacific subsurface. This uptake was comparable to that 91 

following the 2015/16 El Niño, but followed a much larger release. Consequently, subsurface OHC 92 

did not recover to its pre-surge level, as it had after earlier events (Fig. 3b–d). The subsequent 93 

subsurface heat uptake therefore only partly offset the preceding release, leaving excess heat in the 94 

near-surface reservoir. This elevated near-surface heat content provides an important initial 95 

condition for the outlook for the developing El Niño below. 96 

One-year outlook  97 

We construct a one-year outlook by evaluating equation (2), starting in August 2026. The 98 

initial value of near-surface heat on the left-hand side is taken from observations. The EEI is 99 

estimated from its linear trend, the background uptake from the linear increase determined above, 100 

and the subsurface release from scenarios about its future evolution (Methods). 101 

We consider two scenarios: the first is based on the largest observed subsurface heat 102 

release, and the second is an idealized case with no further release. Because El Niño heat release is 103 
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quantified using tropical-Pacific subsurface OHC, we can use observations dating back to 1995, 104 

following completion of the TAO mooring array32. Of the eight El Niño events since 1995, seven 105 

have a distinct heat-release peak (Fig. 4). The largest one-year release is 52 ZJ (48 ZJ after applying 106 

a three-month running mean), observed in 1997/98. In the first scenario, the one-year release 107 

matches this amount, with the release peak set to January 2027 (Methods). In the second scenario, 108 

subsurface heat content is fixed at its August 2026 value to assess how much warming can occur 109 

without further heat from the subsurface ocean. 110 

The two projected trajectories of near-surface heat, (A+O100), reach maxima of 94 and 72 ZJ 111 

(Fig. 5a), corresponding to GMST values of 1.94 and 1.74 K relative to the 1850–1900 baseline, 112 

respectively (Fig. 5c). Both values exceed the previous monthly record of 1.62 K. The record is thus 113 

projected to be broken even if the tropical-Pacific subsurface releases no further heat. Without 114 

further release, near-surface heat rises monotonically, because net radiation exceeds the background 115 

heat uptake, reaching its maximum at the end of the outlook period in July 2027. The 1997/98-116 

based outlook reaches its maximum in February 2027, one month after the January peak in 117 

subsurface heat release. How warm 2026/27 becomes therefore depends mainly on how much heat 118 

the tropical-Pacific subsurface releases.  119 

To assess the dependence of the 1997/98-based outlook on issue month, we also compute 120 

outlooks using observational records truncated at the end of March, April, May, June or July 2026, 121 

refitting the EEI trend and background heat uptake for each month. Across the six issue months 122 

from March to August, the projected monthly GMST maximum varies by less than 0.04 K, much 123 

less than the projection uncertainty (Extended Data Fig. 3). Assessing how likely this outlook is to 124 

materialize requires guidance from El Niño forecasts, which can change substantially with the issue 125 

month. For example, NOAA/CPC’s probability of a very strong El Niño rose from at most 25% in 126 
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April to 100% in October. Nevertheless, the stability of the outlook across issue months makes it a 127 

useful reference for interpreting the implications of these evolving forecasts for future GMST. It is 128 

also interesting to note that the March outlook also closely follows GMST estimated from the 129 

subsequently observed near-surface heat through the end of the record. 130 

Annual-mean outlooks 131 

The calendar-year 2026 mean GMST is projected to exceed the 2024 record by 0.02–0.05 K 132 

across the two scenarios (Fig. 6). More importantly, 2026 is the onset year of the El Niño, as 2023 133 

was, and both projections exceed the 2023 mean value by 0.10–0.13 K, suggesting that GMST 134 

during the present event may be higher than during the 2023/24 event. 135 

We also examine the projected 12-month mean GMST from July to June4,16, a period 136 

referred to here as an El Niño year. This period may capture the influence of El Niño better than a 137 

calendar year because El Niño typically peaks in boreal winter. The outlook for the 2026/27 El 138 

Niño year with no further release gives a mean GMST of 1.69 K relative to the 1850–1900 baseline, 139 

clearly exceeding the 2023/24 record of 1.55 K. With heat release following 1997/98, the projected 140 

mean GMST reaches 1.80 K, exceeding the previous record by 0.25 K. Consequently, the present 141 

framework suggests a new GMST record for the 2026/27 El Niño year, with a substantial margin if 142 

subsurface heat release is comparable to that during 1997/98.  143 

Implications for climate monitoring and model evaluation 144 

The framework offers a transparent physics-based form of climate monitoring. Because it 145 

rests on a heat budget, changes in near-surface heat can be decomposed into the contributions from 146 

EEI, tropical-Pacific subsurface heat exchange, and background heat uptake. Through the observed 147 
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relationship between near-surface heat and GMST, this decomposition also helps explain global 148 

temperature variations. Updated regularly and incorporated into climate assessments, the 149 

decomposition would help a wide audience, including policymakers, understand the variations of 150 

GMST and how they are related to the net radiation that the Earth receives and El Niño-La Niña 151 

cycles. The outlook adds a forward-looking perspective, providing valuable advance warning of 152 

projected variations and extremes of near-term GMST.  153 

The closure of the heat budget underlines the importance of the observing networks. 154 

CERES for TOA radiation33 and Argo for the global ocean34 provide essential information for the 155 

heat budget, and the TAO/TRITON moorings32 extend the record of subsurface heat release back to 156 

1995, before Argo. The moorings remain important even in the Argo era: withholding their 157 

observations from assimilation degrades analyses of the equatorial thermocline and forecasts of El 158 

Niño35,36. Our results highlight the importance of sustaining the global observing system, including 159 

CERES, Argo and the TAO array, to explain changes in near-surface heat and inform outlooks for 160 

global temperature. 161 

It is also important to assess whether state-of-the-art climate models capture the 162 

relationships among EEI, tropical-Pacific subsurface heat exchange, near-surface heat and GMST. 163 

With global temperatures now close to the Paris Agreement’s 1.5 °C level, accurately representing 164 

these processes is important for understanding and predicting year-to-year variation, including in 165 

model-based forecasts37. Previous studies have examined climate-model output for the OHC 166 

variability associated with El Niño38, the trend and variability of EEI39–41, and the relation between 167 

the two42. In particular, Tsuchida et al.6 reported that climate models reproduce a surge in EEI 168 

during the transition from a multi-year La Niña to an El Niño, as observed in 2023/24 and again in 169 

2025/26. These studies, together with our findings, indicate that it is important to assess how well 170 
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models capture the combined contributions of EEI and tropical-Pacific subsurface heat exchange to 171 

near-surface heat and GMST. Moreover, El Niño events in climate models have been evaluated 172 

mainly using sea-surface-temperature indices43,44, whereas evaluating them also in terms of 173 

subsurface heat exchange would help clarify how El Niño interacts with EEI to shape near-surface 174 

heat and GMST. By tracking heat through the climate system, the present framework connects the 175 

diagnosis of past temperature variations with an outlook for near-term GMST. Improving our ability 176 

to trace where heat goes, within and between the ocean and atmosphere, will be essential to 177 

understanding and anticipating changes in surface climate. 178 
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Methods 276 

Data 277 

The following monthly data are used. TOA radiation is from CERES-EBAF Edition 4.2.1 278 

(March 2000–July 2026; ref. 33; see also ref. 45). OHC is computed for the 0–100 m, 0–300 m and 279 

0–2000 m layers, both globally and over the tropical Pacific (100°E–80°W, 20°S–20°N), from three 280 

products: ORAS546, EN4 v. 4.2.247, and the Institute of Atmospheric Physics (IAP) ocean analysis 281 

v. 4.248, all used through August 2026, the latest month available across all three products at the 282 

time of analysis (October 2026). For EN4 we use the mean of its four bias-correction variants. 283 

OHC is derived with the TEOS-10 gsw toolkit from potential temperature and salinity for ORAS5 284 

and EN4, while IAP provides layer OHC directly. The heat-budget analysis begins in January 2008, 285 

following the Argo array’s attainment of its design target of 3000 floats in November 200734. 286 

Atmospheric energy, the sum of vertically integrated internal, latent, and potential energy, is 287 

calculated from ERA549; kinetic energy is neglected because its variability is much smaller than that 288 

of OHC3,50. Anomalies are computed relative to the 2005–2024 climatology. 289 

El Niño events are identified from the Relative Oceanic Niño Index (RONI) of 290 

NOAA/CPC, the Niño-3.4 index with the tropical (20°S–20°N) mean removed and a scale 291 

adjustment applied51, on a 1991–2020 base period. The El Niño and La Niña periods follow the 292 

NOAA/CPC operational criterion applied to that index. For Extended Data Fig. 4 we also use Niño-293 

3, Niño-4 and relative versions of these indices, which we calculate from ERSSTv652,53 following 294 

the procedure used by NOAA/CPC. 295 
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GMST, the blend of land near-surface air temperature and sea-surface temperature in which 296 

warming levels are conventionally expressed, is the mean of three products: Berkeley Earth54, 297 

HadCRUT555 and NOAAGlobalTemp v6.156, all used through August 2026. Anomalies are 298 

calculated with respect to the 2005–2024 monthly climatology of each product. To express the 299 

outlook relative to 1850–1900, the difference between the 2005–2024 and 1850–1900 means, 300 

averaged over the three products, is added to these anomalies. 301 

Time windows for 2022/23 and 2025/26 episodes 302 

The time windows used for Fig. 2 and Extended Data Fig. 1 are chosen objectively for each 303 

driver (EEI for Fig. 2a,b; tropical-Pacific 100–300 m OHC for Fig. 2c,d). We calculate five-month 304 

running means for EEI and three-month running means for the three-product mean OHC from the 305 

unsmoothed monthly anomalies. For each driver, we identify the maximum running-mean value in 306 

each of the two periods: 2022–2023 and 2025–2026 (through July 2026 for EEI and August 2026 307 

for OHC). The consecutive months contributing to each maximum define the time window for that 308 

episode. The OHC windows match the three-month smoothing used throughout, while the longer 309 

EEI windows capture elevated EEI lasting several months, because EEI enters the budget as a time 310 

integral. 311 

The near-surface heat budget  312 

The diagnostic extends the event analyses of Minobe et al.3 to a continuous monthly time 313 

series. Over any interval, conservation of energy requires that the change in the total energy of the 314 

climate system equals the time integral of the net TOA radiation, 315 
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ܣ) + ܱ௧௢௧௔௟ + ܮ + (ݐ)(ܫ − ܣ) + ܱ௧௢௧௔௟ + ܮ + (0ݐ)(ܫ = ∫ ௧′ݐ݀ ܴ
௧0   (1) 316 

where A is the global atmospheric energy, Ototal the global full-depth OHC, L the land heat content, I 317 

the energy stored in ice and snow, and R the globally integrated net TOA radiation, obtained by 318 

multiplying EEI by Earth’s surface area. 319 

We split the ocean into the near-surface layer O100 (0–100 m), a subsurface layer Osub, and 320 

the remaining ocean Orest, and isolate the near-surface heat (A+O100) on the left-hand side. This 321 

gives the reconstruction that is the main diagnostic of this work, 322 

ܣ) + (ݐ)(1ܱ00 − ܣ) + (0ݐ)(1ܱ00 = −[ܱ௦௨௕(ݐ) − ܱ௦௨௕(0ݐ)] + ∫ ௧′ݐ݀ ܴ
௧0 − ∫ ௧′ݐ݀ ܿ

௧0   (2) 323 

The background uptake rate c(t) accounts for the rate of change of (Orest + L + I) together with any 324 

closure residual, including contributions of geothermal heating57 and the smaller anthropogenic heat 325 

release58, whose year-to-year variations are far below the uncertainty of the radiative integral. The 326 

seasonal cycle is removed from every variable entering equation (2), relative to 2005–2024. For R 327 

the mean-retained anomaly3 is used: the conventional anomaly plus the mean over the reference 328 

period, which retains the mean values over one or more complete years while removing the seasonal 329 

cycle.  330 

The background uptake rate is fitted as a linear function, c(t) = C0 + Ċ (t − t0) in equation 331 

(2), separately for each OHC product, given the documented inter-product differences in ocean heat 332 

uptake and its acceleration59. The fitted rate of increase is Ċ = +0.59 ZJ yr
−2

 (+0.53 to +0.70 across 333 

products), equivalent to about 0.37 W m
−2

 per decade, so that c(t) rises from about 7 ZJ yr
−1

 in 334 

2008 to about 18 ZJ yr
−1

 in 2026 (Extended Data Fig. 2b), consistent with reported accelerations of 335 
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ocean warming14,25,26. The skill metrics are the reconstruction RMSE and the fraction of variance 336 

explained, ܸܨܴܣ = 100 (1 − ݕ̂) − 2̅̅(ݕ ̅̅ ̅̅ ̅̅ ̅̅ ݕ)/̅ − 2̅̅(ݕ̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅), where an overbar denotes an average over the 337 

evaluation period, ݕ is the observed (ܣ + 1ܱ00) anomaly, and ̂ݕ is its reconstruction from equation 338 

(2). 339 

Choice of subsurface reservoir 340 

We test two candidates for Osub, the global 100–2000 m layer and the tropical-Pacific 100–341 

300 m layer, the latter of which takes up and releases heat over the ENSO cycle. For each product, 342 

c(t) is fitted as described above.  343 

The tropical-Pacific 100–300 m layer yields lower reconstruction errors and more 344 

consistent results across products than the global 100–2000 m layer (Extended Data Fig. 2). This is 345 

consistent with previous studies reporting that the signal-to-noise ratio of OHC decreases below 300 346 

m60,61. We therefore adopt the tropical-Pacific 100–300 m layer as Osub, which primarily represents 347 

the subsurface-to-surface heat exchange associated with the El Niño/La Niña cycle with very little 348 

long-term trend (Fig. 1c), while O100 and the background uptake represent the long-term ocean heat 349 

uptake. 350 

Because tropical-Pacific subsurface OHC represents the influence of El Niño in our heat-351 

budget framework, we compare its relationship with GMST against those of conventional SST-352 

based El Niño indices. Correlations between the Niño indices and GMST peak when the indices 353 

lead GMST by three months, reaching 0.68 for Niño-3 and Niño-3.4 (Extended Data Fig. 4). At this 354 

lag, these correlations exceed those for subsurface OHC, suggesting that Niño-3 and Niño-3.4 may 355 

be better predictors of GMST three months ahead. The OHC products, however, have higher 356 

maximum correlations of 0.72–0.74 at zero lag. Although SST is itself a component of GMST, heat 357 
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content in the subsurface 100–300 m layer has a slightly stronger relationship with GMST than the 358 

SST-based Niño indices do. This finding supports the usefulness of subsurface OHC for relating El 359 

Niño to GMST within the heat-budget framework. 360 

Outlook for the coming year 361 

The outlook (Fig. 5) is obtained by integrating equation (2) from August 2026 (referred to 362 

as the reference month and denoted by t1), the latest month available across all three OHC products, 363 

over the following twelve months to August 2027. Applying a centred three-month running mean 364 

gives the displayed outlook through July 2027. Beyond a year the spread of plausible ENSO 365 

outcomes grows too wide to be informative. We use the background heat uptake described above 366 

and estimate future EEI by extrapolating a linear trend fitted to the monthly mean-retained 367 

anomalies of observed EEI. 368 

For the subsurface release, the least-constrained input, we consider two scenarios. In one, 369 

future monthly heat release is based on the observed release during 1997/98, with one-year heat 370 

release for 2026/27 being the same as that in 1997/98. Because part of this one-year heat release has 371 

already been observed and its value differs from that in 1997, we adjust future heat release using a 372 

rescaling constant, 373  :ߙ 

ܱ௦௨௕௠௔௫(ݐ)−ܱ௦௨௕௠௔௫(1ݐ) = ݐ)௦௨௕ܱ]ߙ − (߂ − ܱ௦௨௕(1ݐ − < ݐ ݎ݋݂)   [(߂  374 (3)  (1ݐ 

where the superscript “max” denotes the assumption based on the largest observed release, and Δ is 375 

the 29-year time shift from 1997 to 2026. The constant ߙ is determined so that the one-year heat 376 

release between January 1997 and January 1998 (Fig. 4) is reproduced in this scenario between 377 

January 2026 and January 2027 for each OHC product. For simplicity, the three-month running 378 
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mean is not used to estimate this constant. The other scenario is no further heat release (ܱ௦௨௕௠௜௡ (t) = 379 ܱ௦௨௕௠௜௡ (t1), t > t1), allowing us to assess how near-surface heat and GMST could evolve without 380 

additional heat from the subsurface ocean. 381 

Uncertainty 382 

The uncertainties for the past budget analysis and future outlook are expressed as ±1 383 

standard deviation (s.d.), and are estimated as follows. The uncertainty of the historical budget in 384 

equation (2) is estimated from radiation and ocean terms. The uncertainty of the radiation is 385 

estimated using a ±0.3 W m
−2

 uncertainty on the monthly global-mean net flux, the scale of the 386 

Terra–Aqua difference, with the monthly errors taken as independent3. The uncertainty of the ocean 387 

terms is the standard deviation across the three OHC products; for the reconstruction we evaluate 388 

the ocean terms of equation (2) separately for each product and take the spread across the three. The 389 

total uncertainty is estimated by combining the uncertainties of the radiative integral and the ocean 390 

terms in quadrature. The uncertainty of the atmospheric energy is neglected, because it is expected 391 

to be smaller than the standard deviation of the atmospheric-energy anomaly (1.9 ZJ). Even if it 392 

were as large as that standard deviation, the uncertainty of the reconstruction (4.9 ZJ on average in 393 

Fig. 3a) would increase by only 7%. 394 

 The uncertainty of the outlook (Fig. 5) combines four contributions, each a function of the 395 

number of months (k) since the outlook reference month (t1). First, uncertainty of the initial state, 396 

σini, is given by the spread of the observed (A+O100)(t1) across the three products and is constant 397 

through the outlook. Second, the uncertainty of the EEI integral, σEEI, accounts for uncertainty in the 398 

extrapolated linear trend and in the residuals around it. Third, the uncertainty of the background 399 

uptake, σupt, combines two parts in quadrature. One is the closure error of the budget, σclo, which is 400 
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estimated by the RMSE between the reconstruction, essentially given by equation (2) from a 401 

starting month, s, instead of t0, (ܣ + 1ܱ00)௦௥௘௖ , and the corresponding observations across all 402 

available start months:  403 

௖௟௢2ߪ (݇) = 1ܰ − ݇ ∑ ܣ)〉] + 1ܱ00)௢௕௦(ݏ + ݇)〉 − ܣ)〉 + 1ܱ00)௦௥௘௖(ݏ + ݇)〉]2ே−௞−1+௧0
௦=௧0  ,  (4) 404 

where N is the number of months of the three-month running-mean (denoted by 〈〉) series from 405 

January 2008 to June 2026. The other is the standard deviation across the three OHC products of the 406 

time-integrated background uptake, after applying the three-month running mean. Fourth, the 407 

uncertainty of the subsurface heat release, σsub(k), is the s.d. across the OHC products of the 408 

subsurface heat release for the 1997/98-based scenario, and is zero for the scenario with no further 409 

heat release.  410 

The four contributions are assumed to be independent and are combined in quadrature, 411 

஺ை2ߪ (݇) = ௜௡௜2ߪ + ாாூ2ߪ (݇) + ௨௣௧2ߪ (݇) + ௦௨௕2ߪ (݇).  (5) 412 

At the projected maximum of near-surface heat for the 1997/98 scenario (February 2027), σAO is 7.7 413 

ZJ with contributions, in descending order, of σini, σsub, σupt, and σEEI (4.8, 3.6, 3.5, and 3.2 ZJ). 414 

Conversion to monthly GMST through the regression slope a adds the residual s.d. of that fit, σconv, 415 

in quadrature, 416 

ெௌ்2ீߪ (݇) = ஺ை2ߪ 2ܽ (݇) + ௖௢௡௩2ߪ   (6) 417 

giving an uncertainty of 0.09 K at the projected GMST maximum.  418 

For the 12-month means shown in Fig. 6, observed monthly GMST is used where available 419 

and projected values thereafter. Uncertainty in the observed months is neglected. For the projected 420 
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months, equation (6) includes uncertainty in the predicted near-surface heat, expressed in GMST 421 

units through the regression slope, and the scatter of observed GMST around the regression line. 422 

For the first term, we sum the monthly standard deviations, assuming only one independent value 423 

across all projected months. For the second, we estimate the uncertainty of the sum assuming one 424 

independent value per three projected months, based on the estimated decorrelation timescale. We 425 

combine these two uncertainties in quadrature and divide by 12 to obtain the uncertainty of the 12-426 

month mean. 427 
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Code availability 485 

All code is available upon reasonable request to the corresponding author. The Python scripts that 486 

reproduce the figures, together with the derived data series they read, will be deposited in Zenodo 487 

upon publication. 488 
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Figures with captions 490 

 491 
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Fig. 1 | The near-surface heat reservoir, its drivers and its link to global surface temperature. 492 

a, Schematic of the framework; the inset shows the equatorial Pacific thermocline tilting between El 493 

Niño (solid) and La Niña (dashed), redistributing heat across the 100 m level between the tropical-494 

Pacific 100–300 m reservoir and the surface. b, EEI (orange, left axis) and the Relative Oceanic 495 

Niño Index (RONI; grey shading, right axis). c, GMST anomaly (green, left axis), globally 496 

integrated A+O100 (blue) and the tropical-Pacific 100–300 m OHC (Osub; red, right axis). Arrows on 497 

the red curve mark the subsurface heat uptake during the 2020–2023 multi-year La Niña, and the 498 

heat release that followed into the El Niño. In b,c, the pink and blue bars along the top mark El 499 

Niño and La Niña periods. The OHC series in c are the three-product means (ORAS5, IAP and 500 

EN4.2); the purple bars at the bottom mark the episode windows mapped in Fig. 2. d, Regression of 501 

GMST against the near-surface heat: scatter of the GMST anomaly against A+O100 over the Argo 502 

era (2008–2025; 3-month running means), coloured by year. The red line is the least-squares fit. 503 
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 504 

Fig. 2 | The 2022/23 and 2025/26 episodes in Earth’s energy imbalance and subsurface ocean 505 

heat. a,b, TOA net-radiation (EEI) anomaly and c,d, 100–300 m OHC (ORAS5) anomaly, each 506 

averaged over time windows (a, Dec 2022–Apr 2023; b, Dec 2025–Apr 2026; c, Nov 2022–Jan 507 

2023; d, Nov 2025–Jan 2026). The dashed box in c,d outlines the tropical-Pacific subsurface 508 

reservoir (100°E–80°W, 20°S–20°N). e, Zonal integral of the EEI anomaly of a (black) and b 509 

(orange); the dashed lines mark 30°S and 30°N, as in a,b. 510 
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 511 

Fig. 3 | Near-surface heat budget. Time series are 3-month running means of monthly anomalies 512 

relative to the 2005–2024 climatology, in ZJ (1 ZJ = 1021 J). a, Observed (dark blue) and 513 

reconstructed (green) A+O100. The integral of net radiation minus background heat uptake (light 514 

blue) is ∫ ௧௧0′ݐ݀ ܴ − ∫ ௧௧0′ݐ݀ ܿ , and subsurface heat release (red) is −[ܱ௦௨௕(ݐ) − ܱ௦௨௕(0ݐ)], with t0 = 515 

January 2008. The reconstruction equals the initial observed heat content plus these two 516 

contributions. Grey bars mark the time periods of b–d. b–d, Budget terms over three windows 517 

beginning in January 2009, 2015, and 2023, respectively, with each start month denoted by s: 518 
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integral of net radiation (orange), ∫ ௧௦′ݐ݀ ܴ ; subsurface heat release (red), −[ܱ௦௨௕(ݐ) − ܱ௦௨௕(ݏ)]; 519 

and negative integral of background heat uptake (solid purple), − ∫ ௧௦′ݐ݀ ܿ . Their sum gives the 520 

reconstructed change in near-surface heat (dashed green). The dotted purple line shows the positive 521 

integral of background heat uptake for comparison with the radiative integral. Pink and blue bars 522 

along the top of each panel mark El Niño and La Niña periods as in Fig. 1. Green shading shows ±1 523 

standard deviation (s.d.) uncertainty of the reconstruction. The uncertainty of the observed A+O100 524 

in a is about one third of that of the reconstruction (4.9 ZJ on average), and the uncertainty of each 525 

term in b–d is less than 4 ZJ. 526 
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 527 

 528 

Fig. 4 | Tropical-Pacific subsurface heat release since 1995. The one-year subsurface heat 529 

release, ܱ௦௨௕(ݐ −  for the tropical-Pacific 100–300 m layer, 1995 to the present 530 ,(ݐ)௦௨௕ܱ− (ݎݕ1

(three-product mean; red shading, inter-product spread). Release peaks are the largest local maxima 531 

of at least 3 ZJ in the three-product mean, occurring between two months before and five months 532 

after each El Niño RONI maximum. Positive values denote heat released upward to the near-surface 533 

reservoir. Black dots mark the seven El Niño release peaks identified since 1995, annotated with the 534 

peak value and the inter-product spread. The numbers outside and inside parentheses for each peak 535 

are the one-year subsurface heat release without and with the three-month running mean, 536 

respectively. The running means are also used for the dots and the curve. Grey shading is the RONI 537 

(right axis), and the pink and blue bars along the top are the El Niño and La Niña periods defined 538 

from it as in Fig. 1b,c. 539 
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 540 

Fig. 5 | One-year outlook for the near-surface heat and GMST. a, One-year outlook for A+O100. 541 

Following the observed series (dark blue, as in Fig. 3a), coloured lines are the projected trajectories 542 

for the two release scenarios. Filled circles mark each trajectory’s maximum. Shading shows ±1 543 

s.d.: the inter-product spread for observed near-surface heat and the combined projection 544 
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uncertainty for each outlook. In a and c the vertical dashed line marks the outlook reference month, 545 

t1 = August 2026. b, Budget terms expressed as changes from t1 and drawn on the same vertical 546 

scale as a: integral of net radiation (orange), ∫ ௧௧1′ݐ݀ ܴ ; subsurface heat release (red for the 1997/98 547 

scenario), −[ܱ௦௨௕(ݐ) − ܱ௦௨௕(1ݐ)]; and negative integral of background heat uptake (purple), 548 − ∫ ௧௧1′ݐ݀ ܿ . The grey line represents the initial near-surface heat in a, shown at zero here. Shading 549 

shows the uncertainty of the initial state, projected radiative integral, subsurface release and 550 

background uptake, respectively. c, The outlook as GMST on the 1850–1900 baseline: A+O100 551 

converted by the Argo-era regression (Fig. 1d). Observed GMST (grey) is the mean of three 552 

products. Shading around GMST converted from observed near-surface heat (dark blue) shows the 553 

regression residual standard deviation; outlook shading also includes the projected heat uncertainty. 554 
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 555 

 556 

Fig. 6 | Twelve-month mean GMST: observed and outlook. Observed 12-month mean GMST 557 

relative to 1850–1900, alternating calendar years (circles, Jan–Dec) and El Niño years (diamonds, 558 

Jul–Jun) from 2023 to 2025/26, followed by the outlook for calendar year 2026 and for the 2026/27 559 

El Niño year under the two scenarios (blue: no further heat release, red: 1997/98 heat release) with 560 

error bars indicating ±1 s.d. projection uncertainty. Horizontal dashed lines mark the calendar-year 561 

record and the El Niño-year record. The vertical dotted line separates observed means from the 562 

outlook, issued at the August 2026 outlook reference time.  563 
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Extended Data 564 

 565 

Extended Data Fig. 1 | Decomposition of the elevated EEI in the 2022/23 and 2025/26 566 

windows. a, Contributions to the global TOA net-radiation anomaly (W m−2) from incoming solar 567 

radiation, reflected shortwave (−SW) and emitted longwave (−LW), averaged over the same five-568 

month windows as Fig. 2a,b (December–April; climatology 2005–2024; CERES-EBAF). 569 

Downward fluxes are defined as positive, and the sum of the three contributions gives the net 570 

anomaly. b, Decomposition of the shortwave and longwave contributions into a cloud part (all-sky 571 

minus clear-sky) and a clear-sky part; CREnet is the sum of the two cloud parts, that is, the net cloud 572 

contribution.  573 
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 575 
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Extended Data Fig. 2 | Choice of the subsurface reservoir. Comparison of the two candidate 576 

definitions of the subsurface layer Osub, the global 100–2000 m layer (red) and the tropical-Pacific 577 

100–300 m layer (blue), for each of the three OHC products and for their three-product mean, over 578 

the evaluation period (January 2008 to June 2026). a, Skill of the reconstruction: RMSE, with the 579 

variance-explained fraction (VARF) annotated above each bar; each product’s reconstruction is 580 

evaluated against its own observed series, and the mean of the three reconstructions against the 581 

observed three-product mean. b, The fitted background uptake c(t). c,d, Observed A+O100 (black; 582 

three-product mean) and the reconstructions obtained from each product separately (coloured 583 

curves), taking Osub as the tropical-Pacific 100–300 m layer (c) and as the global 100–2000 m layer 584 

(d). The black dashed line is the mean of the three reconstructions. 585 
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 586 

Extended Data Fig. 3 | Dependence of the outlook on the issue date. a, Projected GMST for the 587 

1997/98 heat-release scenario issued in March 2026 (dashed, no shading) and August 2026 (solid, 588 

with ±1 s.d. shading), with observed GMST (grey) and GMST converted from the observed A+O100 589 

(dark blue) as in Fig. 5c. b, Maximum monthly projected GMST for the 1997/98 release scenario at 590 

six issue months with error bars indicating the projection uncertainty. For all issue months, 591 

maximum values occur in February 2027. Dotted lines mark the previous record of monthly GMST. 592 

Earlier issue months are excluded because their outlooks do not extend to the February 2027 peak 593 

after three-month smoothing. 594 
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 595 

Extended Data Fig. 4 | Lag correlation of GMST with the subsurface reservoir and with Niño 596 

indices. a,b, Lag correlation between GMST and two groups of tropical-Pacific predictors over 597 

1995–2025, using three-month running means of anomalies with linear trends removed. Lags range 598 

from −12 to +12 months in monthly steps: negative lags indicate that the predictor leads GMST. 599 

Solid and dotted vertical lines mark lags of 0 and −3 months, respectively. a, The sign-reversed 600 

tropical-Pacific 100–300 m subsurface OHC, −Osub, for each of the three OHC products. b, Six 601 

Niño indices: Niño-3, Niño-3.4, Niño-4 and their warming-adjusted relative counterparts. 602 

 603 



   ( A +   O  t o t a l + L + I ) ( t ) −  ( A +   O  t o t a l + L + I ) (   t 0 ) =   ∫    t 0  t  R   d   t ′     ( 1 )


    O  s u b  m i n


    O  s u b  m i n


  ( A +   O 100  )  s  r e c ,  


    𝜎  c l o 2  ( k ) =  1  N − k   ∑  s =   t 0  N − k − 1 +   t 0     [ 〈 ( A +   O 100  )  o b s ( s + k ) 〉 − 〈 ( A +   O 100  )  s  r e c ( s + k ) 〉 ] 2   ,     ( 4 )


  〈 〉 )


    𝜎  A O 2  ( k ) =   𝜎  i n i 2 +   𝜎  E E I 2  ( k ) +   𝜎  u p t 2  ( k ) +   𝜎  s u b 2  ( k ) .     ( 5 )


    𝜎  G M S T 2 ( k ) =   a 2     𝜎  A O 2 ( k ) +   𝜎  c o n v 2     ( 6 )


    ∫    t 0  t  R   d t ′ −   ∫    t 0  t  c   d t ′


  − [   O  s u b ( t ) −   O  s u b (   t 0 ) ]


    ∫  s  t  R   d t ′


   ( A +   O 100 ) ( t ) −  ( A +   O 100 ) (   t 0 ) = −  [   O  s u b ( t ) −   O  s u b (   t 0 ) ] +   ∫    t 0  t  R   d   t ′ −   ∫    t 0  t  c   d   t ′     ( 2 )


  − [   O  s u b ( t ) −   O  s u b ( s ) ]


  −   ∫  s  t  c   d t ′


    O  s u b ( t − 1 y r )


    − O  s u b ( t )


    ∫    t 1  t  R   d t ′


  − [   O  s u b ( t ) −   O  s u b (   t 1 ) ]


  −   ∫    t 1  t  c   d t ′


  V A R F = 100    ( 1 −   (   y ^ − y  ) 2 - /      ( y −   y - ) 2 - )


  y


  ( A +   O 100 )


    y ^


  𝛼


    O  s u b  m a x  ( t )   − O  s u b  m a x  (   t 1 ) = 𝛼  [   O  s u b  ( t − 𝛥 ) −   O  s u b  (   t 1 − 𝛥 ) ]       ( f o r   t   >   t 1 )     ( 3 )


  𝛼

