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Abstract: Deep learning (DL) has emerged as a transformative tool in atmospheric science, 29 

demonstrating particular efficacy in El Niño-Southern Oscillation (ENSO) prediction by achieving 30 

accurate forecasts with a notable lead time. Nevertheless, the adoption of DL-based ENSO 31 

forecasting models remains constrained by insufficient physical interpretability. In this study, we 32 

leveraged the linkage between sea subsurface temperature (SUBT) propagation and ENSO 33 

development — namely, a propagation loop in equatorial/extra-equatorial Pacific subsurface 34 

temperatures where anomaly signals propagate over timescales matching ENSO interannual 35 

recurrence—to develop two physically constrained, lightweight, and generalizable DL models for 36 

ENSO prediction: (i) a Convolutional Neural Network (CNN) architecture integrated with a 37 

Convolutional Block Attention Module (CBAM), and (ii) a ConvTransformer model built upon this 38 

CNN framework. These models effectively reconstruct SUBT anomaly propagation and skillfully 39 

forecast the Niño3.4 index at 18-month lead times. Guided by the physical interpretation of the 40 

ConvTransformer model using Integrated Gradients, we proposed a novel ENSO stage partitioning 41 

scheme that is physically consistent with the propagation of SUBT anomaly, providing a robust 42 

explanation for the onset, evolution, and transition of El Niño and La Niña events within a unified 43 

dynamical framework. This DL-derived scheme not only enhances forecast reliability but also offers 44 

new insights into the subsurface-driven mechanisms underlying ENSO variability and predictability. 45 

Keywords: sea subsurface temperature, ENSO, CNN, ConvTransformer, deep learning 46 

 47 

1. Introduction 48 

The El Niño-Southern Oscillation (ENSO), the most prominent interannual variability signal in 49 

the tropical Pacific Ocean, is manifested through oscillations in sea surface temperature (SST) 50 

and sea level pressure in the equatorial Pacific1. It has attracted widespread attention across 51 

oceanographic, meteorological, and environmental sciences due to its significant impact on 52 

global climate and ecological systems2-6. ENSO can affect the mid-latitude atmospheric 53 

circulation through atmospheric remote correlation (e.g., Pacific–North American Pattern 54 

[PNA], North Atlantic Oscillation [NAO]), which in turn causes large-scale global climate 55 

anomalies7,8. Furthermore, within the framework of global warming, the capacity of ENSO to 56 

instigate atmospheric anomalies in the extra-tropics has been augmented9,10, while a shallower 57 

thermocline and stronger upper-ocean stratification in the tropical eastern Pacific now drive 58 



more frequent multi-year ENSO events and prolonged cycles11,12. Given the pivotal role of 59 

ENSO in modulating the global climate, the advancement of both ENSO dynamical and 60 

statistical models, as well as the enhancement of ENSO prediction proficiency, are of utmost 61 

necessity. 62 

Traditionally, ENSO prediction have been produced using either statistical models with 63 

restrictive assumptions, such as a linear relationship between predictors and predictands13, or 64 

computationally intensive physics-based dynamic models14,15, or a combination of both16,17. 65 

Over the past four decades, many statistical or dynamical models have been developed for real-66 

time ENSO prediction. Zebiak and Cane18 developed the first successful dynamic model for 67 

seasonal ENSO prediction, laying the foundation for ENSO research. Subsequent studies have 68 

continuously improved ENSO predictive capabilities. Statistical or dynamic models use gridded 69 

sea surface temperature, wind and pressure fields, as well as sea subsurface temperature (SUBT) 70 

data, and can forecast ENSO 6 to 12 months in advance19-26. However, neither statistical nor 71 

dynamical models can generate reliable forecasts of ENSO prior to the boreal summer—a 72 

limitation known as the Spring Predictability Barrier (SPB)27. 73 

Over the past two decades, the rapid advancement of artificial intelligence (AI) and deep 74 

learning (DL) has extended ENSO prediction to longer lead times. Ham et al.28 first 75 

demonstrated 18-month lead ENSO prediction feasibility using a three-layer Convolutional 76 

Neural Network (CNN) model, later advanced by Ye et al.29 with a novel parallel deep CNN 77 

featuring heterogeneous architecture. This design adapts network structures to different forecast 78 

lead times, enabling variability modeling of distinct lead-time tasks, thereby enhancing the 79 

reliability of long-term ENSO prediction. Gupta et al.30 expanded the utility of ConvLSTM 80 

models, skillfully predicting monthly mean Niño3.4 index with a 12-month lead time, while 81 

Wang et al.31 proposed an integrated framework combining a ConvLSTM model with an 82 

improved attention mechanism and genetic algorithm (GA)-based model recombination to 83 

enhance ENSO prediction capabilities in CMIP5/6 models. Recent research has explored 84 

synergies between CNNs and transformers in ENSO prediction. For example, Lyu et al.32 85 

reported that ResoNet—a deep learning model leveraging hybrid convolution and transformer 86 

networks—achieved an average forecast lead time of 18 months for the Niño3.4 index, with 87 

ideal-case predictions extending to 26 months. These findings collectively highlight CNNs as a 88 



versatile toolset for ENSO prediction. Notably, while DL models have demonstrated remarkable 89 

prowess, dynamical frameworks remain indispensable in climate forecasting. Chen et al.33 90 

addressed this duality with a hybrid dynamical-DL model, significantly improving ENSO 91 

forecast skill across all seasons and lead times. 92 

Built on these advances, DL-based ENSO modeling is evolving along three axes: (1) increasing 93 

architectural complexity, (2) multi-domain data integration, and (3) expanded spatial 94 

domains—from the tropical Pacific to remote regions linked via teleconnections34-37. There are 95 

two major drawbacks of such aggressive expansion. The first being the potential conflation of 96 

causal drivers with resultant signals. Many such signals are not independent precursors of 97 

ENSO but are instead consequences or remote responses to it. Incorporating these ENSO - 98 

induced signals as predictors creates a risk of data leakage, where the model implicitly "learns" 99 

from information it would not have access to in a true forecasting context. This undermines the 100 

model’s causal integrity and predictive robustness, as it may perform well in retrospective 101 

validation but fail in true forecasting scenarios where future response signals are not yet realized. 102 

Moreover, this practice can blur the physical interpretability of the model, making it difficult to 103 

distinguish genuine precursors from feedbacks or noise38. The second drawback is that the 104 

advantage of DL is diminishing39—it is no longer an economic and fast substitute for dynamical 105 

models. As the DL architectures become increasingly complex, with high-dimensional inputs, 106 

large training datasets, and longer lead times, the computational cost of training and tuning these 107 

models begins to rival that of traditional dynamical systems. Moreover, without strong physical 108 

constraints40, these models often require extensive trial-and-error experimentation, 109 

hyperparameter optimization, and retraining to achieve robust performance across different 110 

ENSO phases. In some cases, the interpretability and physical consistency offered by dynamical 111 

models may outweigh the marginal skill gains of deep learning models, especially when their 112 

complexity leads to issues such as overfitting, instability, or poor generalizability across climate 113 

regimes. 114 

Given these limitations, there exists an opportunity to renew emphasis on physically 115 

interpretable oceanic mechanisms—not as a replacement for data-driven approaches, but as a 116 

complementary framework that could provide comparable predictive skill but enhance physical 117 

clarity. Among the widely recognized theoretical frameworks explaining ENSO’s underlying 118 



mechanisms in the scientific community are the Bjerknes positive feedback mechanism41, the 119 

trade wind relaxation theory42, the delayed oscillator theory43, and the recharge oscillator 120 

theory44,45. Collectively, these foundational studies delineate the core dynamical processes 121 

governing ENSO evolution: Anomalous ocean temperature in the western equatorial Pacific 122 

propagate eastward under the combined influence of anomalous trade winds and oceanic 123 

currents—particularly the Equatorial Undercurrent, which facilitates the zonal advection of 124 

thermal anomalies toward the eastern Pacific. Concurrently, atmospheric forcing over the 125 

extratropical central Pacific excites westward-propagating baroclinic Rossby waves; these 126 

waves, carrying subsurface thermal and dynamical anomalies, traverse the Pacific basin over a 127 

period of 1-2 years before reaching the western Pacific coast, where they modulate the 128 

thermocline depth and subsequently feed back onto the equatorial SST anomalies, sustaining 129 

the ENSO cycle. Complementing these overarching theoretical frameworks, a large body of 130 

subsequent studies has elaborated on the robust link between ENSO variability and oceanic 131 

internal dynamics. Early ENSO theory largely framed tropical climate variability as an internal 132 

tropical air–sea interaction41,46—e.g., zonal warm‐water redistribution—while influential 133 

intermediate models typically held the equatorial thermocline structure fixed (mean depth and 134 

vertical stratification)18,47, thereby underrepresenting sensitivity to high-latitude water-mass 135 

exchange. Similarly, although the delayed oscillator theory43 identifies the delayed feedback 136 

effect of extra-equatorial Rossby wave propagation on equatorial SST, it does not precisely 137 

define the specific range of the extra-equatorial Pacific, further limiting the mechanistic clarity 138 

of cross-equatorial interactions in ENSO dynamics. Addressing this theoretical gap, Gu and 139 

Philander48 proposed a core argument that cross-latitudinal exchanges between the tropics and 140 

extratropic serve as the primary driver of interdecadal fluctuations, highlighting the need to 141 

incorporate extratropical processes into the understanding of long-term climate variability. 142 

Meanwhile, Lysne et al.49 focused specifically on the mechanisms and pathways through which 143 

mid-to-high latitude subsurface temperature anomalies signals in the North Pacific influence 144 

climate variability in the equatorial region. Their findings demonstrated the existence of rapid 145 

subsurface ocean connectivity between the subtropics and tropics: temperature anomalies 146 

assimilated in the subtropical zone can propagate to the equatorial region on an interdecadal 147 

timescale, ultimately modulating equatorial variability by altering key thermal properties of the 148 



equatorial thermocline. This finding underscored the North Pacific’s dominant role in 149 

modulating ENSO dynamics. Qian and Hu50 further refined these insights by documenting 150 

distinct pathways of sea subsurface temperature anomalies: eastward propagation along 8°S–151 

8°N and westward propagation along 8°N-24°N. Notably, the periodicity of signals traversing 152 

this loop aligns with the interannual recurrence of El Niño events, establishing a robust physical 153 

link between subsurface thermal dynamics and ENSO timing. Additionally, experiments 154 

demonstrate that Pacific subsurface temperature serves as a carrier of long-lead ENSO signals51-155 

57. Collectively, these studies highlight the predictive value of sea subsurface temperature in 156 

both equatorial and extratropical Pacific regions, positioning them as viable precursors for 157 

ENSO prediction. Notably, recent advances in DL-based ENSO prediction have begun to 158 

leverage subsurface-related variables: for instance, Zhou and Zhang58 integrated sea surface 159 

wind stress and upper-ocean temperature anomaly fields into their self-attention-based neural 160 

network to achieve skillful ENSO prediction, while Zhao et al.38 demonstrated that 161 

incorporating warm water volume (WWV)—a key integrated metric that quantifies the 162 

cumulative magnitude of subsurface thermal anomalies across the tropical Pacific—163 

significantly enhanced ENSO prediction skill. However, as an integrated single-value metric, 164 

WWV inherently lacks the capacity to capture the spatiotemporal propagation characteristics of 165 

subsurface ocean temperature anomalies (e.g., zonal propagation along the equator or 166 

meridional transmission between the equatorial and extratropical regions), which are critical for 167 

understanding the dynamical processes driving ENSO evolution. Furthermore, these 168 

aforementioned studies have explicitly accounted for the nonlinear air-sea interactions; in 169 

contrast, this study focuses exclusively on exploring the synergistic predictive potential of 170 

coordinated subsurface temperature variability across the equatorial and extratropical Pacific 171 

within current DL modeling frameworks. Building on these insights, this study develops two 172 

fundamentally simple DL models using only SST and SUBT as inputs to probe the source of 173 

ENSO predictability. Contrary to conventional expectations, our results reveal that: (i) forecast 174 

lead times can be substantially extended, and (ii) all predictive improvements originate 175 

exclusively from SUBT. More importantly, by distilling knowledge from these DL models, we 176 

derive a novel ENSO stage partitioning scheme that demonstrates robust dynamical linkages to 177 

SUBT variability. These findings not only challenge prevailing assumptions about ENSO 178 



prediction but also pave the way for developing next-generation, physics-informed simplified 179 

ENSO models that leverage subsurface thermal structure as a key ENSO predictor. 180 

2. Results 181 

2.1. Improved ENSO deep learning forecast driven by subsurface dynamics 182 

Building on the relationship between sea subsurface temperature anomalies propagation and 183 

ENSO evolution, we assessed the ENSO forecasting skill of the ConvTransformer model across 184 

three distinct input configurations to investigate the importance of sea subsurface temperature 185 

in ENSO prediction: (i) sea surface temperature (SST) anomalies alone, (ii) sea subsurface 186 

temperature (SUBT) anomalies alone, and (iii) combined SST anomalies and SUBT anomalies. 187 

Additionally, for the CNN model, we used both SST and SUBT anomalies as input data to 188 

explore differences in forecasting skill between the two deep learning models. The analysis of 189 

the 18-month forecast lead time, as measured by anomaly correlation coefficient (ACC), root 190 

mean square error (RMSE), conditional RMSE, and weighted RMSE, reveals several key 191 

findings: 192 

Figure 1a shows that the SST-only configuration demonstrates limited forecast capability, with 193 

correlation coefficients exceeding 0.5 only for lead times up to 8 months, indicating poor long-194 

term predictability. In contrast, the ConvTransformer model shows significantly enhanced skill 195 

when utilizing either sea subsurface temperature anomalies alone or combined SST and sea 196 

subsurface temperature data. Most notably, the hybrid SST-subsurface configuration maintains 197 

correlation coefficients above 0.5 throughout the entire 18-month forecast lead time, with these 198 

correlations being statistically significant, representing a substantial improvement over surface-199 

only predictions. Notable is also the combined SST and sea subsurface temperature anomaly 200 

configuration, which yields superior performance attaining a remarkable near-term skill (r=0.96 201 

at 1-month lead time). A comparison of the three types of root mean square error (RMSE) 202 

reveals that, for short lead times, the differences in these three RMSE metrics across the three 203 

input configurations are minimal; however, for longer lead times, the configurations 204 

incorporating sea subsurface temperature yield better forecasting performance, with all three 205 

RMSE values lower than those of the ConvTransformer model using only SST. These 206 

substantial improvements highlight the critical role of sea subsurface temperature in ENSO 207 

evolution, as the additional thermocline information provides crucial memory effects and 208 



precursor signals that SST data alone cannot capture. 209 

A further comparison of the performance between the ConvTransformer and the CNN models 210 

(utilizing both SSTA and sea subsurface temperature anomalies), the seven individual North 211 

American Multi-Model Ensemble (NMME) models, and the equal-weighted ensemble of the 212 

seven NMME models (hereafter referred to as MME) (Fig. 1a) reveals that, relative to 213 

traditional climate models, the ConvTransformer and CNN models exhibit superior correlation-214 

based skill at lead times of 6 months and 8 months, respectively. Notably, for long-term 215 

predictions with lead times exceeding 9 months, both deep learning models outperform the 216 

MME significantly. Additionally, while the CNN model initially shows lower correlation 217 

coefficients than the ConvTransformer model, it ultimately surpasses the latter's skill at longer 218 

lead times. These results collectively highlight that deep learning models can improve both the 219 

lead time and accuracy of ENSO prediction compared to numerical climate models. 220 

The comparison of full-sample RMSE (Fig. 1b) reveals that, relative to climate models, deep 221 

learning models driven by both sea surface temperature anomalies and sea subsurface 222 

temperature anomalies exhibit larger RMSE values in the early forecast lead times, with these 223 

differences being statistically significant compared to MME. However, for lead times of 10–12 224 

months, their RMSE is lower than that of all climate models and the MME. Notably, for lead 225 

times of 9-12 months, the CNN model’s RMSE is significantly lower than that of MME. 226 

Additionally, across all forecast lead times, the RMSE of the CNN model is lower than that of 227 

the ConvTransformer model. 228 

For ENSO research, strong ENSO events carry greater scientific significance, and an exclusive 229 

reliance on full-sample RMSE offers only limited evaluation value. To specifically assess model 230 

performance in forecasting strong ENSO events (defined as |Niño3.4| > 1.0∘C), conditional 231 

RMSE was employed (Fig. 1c). The results indicate that for both climate models and the CNN 232 

model, conditional RMSE during extreme phases is higher than full-sample RMSE, with RMSE 233 

increasing more rapidly as forecast lead time extends—reflecting larger prediction errors and 234 

greater challenges in forecasting during strong ENSO events. This phenomenon is consistent 235 

with previous studies highlighting more complex air-sea coupling and nonlinear feedback 236 

mechanisms during extreme ENSO events59. Notably, in the early forecast lead times, the 237 

conditional RMSE of two ConvTransformer configurations—one driven solely by sea 238 



subsurface temperature anomalies and the other by both SSTA and sea subsurface temperature 239 

anomalies—is significantly lower than their full-sample RMSE. By the 3-month and 5-month 240 

lead times, the conditional RMSE of these two configurations even lower than that of MME 241 

and other climate models, respectively; furthermore, the differences in conditional RMSE 242 

relative to the MME are statistically significant. Furthermore, when focusing exclusively on 243 

strong ENSO events, the conditional RMSE of these two ConvTransformer configurations is 244 

markedly lower than that of the CNN model, indicating that the ConvTransformer model 245 

achieves more accurate predictions for extreme events, whereas the CNN model performs more 246 

stably during neutral ENSO phases. 247 

To emphasize the importance of extreme phases in full-sample verification, we further 248 

introduced weighted RMSE (Fig. 1d). It is found that, for forecast lead times of 9-12 months, 249 

the weighted RMSE of both the ConvTransformer model and the CNN model driven by both 250 

SST anomalies and sea subsurface temperature anomalies is significantly lower than that of 251 

MME. Additionally, across the entire range of forecast lead times, the weighted RMSE of the 252 

ConvTransformer model is consistently lower than that of the CNN model. Combined with the 253 

sensitivity analysis in Fig. S15, it can be further seen that, except for the ConvTransformer 254 

model, the weighted RMSE of all models increases as the weight assigned to strong events 255 

becomes larger, and this increase is more pronounced at medium and long lead times. For the 256 

CNN model in particular, weighted RMSE increases systematically with increasing weight, 257 

with a more marked rise beyond 12 months. In contrast, the ConvTransformer model shows 258 

relatively weak sensitivity to weight changes and retains the lowest or nearly the lowest 259 

weighted RMSE at most lead times. Meanwhile, persistence and the MME are also sensitive to 260 

changes in weighting, with their error curves increasing more rapidly at medium and long lead 261 

times. These results indicate that deep learning models incorporating subsurface information 262 

are generally superior to conventional reference forecasts and that, within an evaluation 263 

framework that emphasizes the contribution of strong events, the advantage of the 264 

ConvTransformer model over the CNN model becomes more evident. Taken together, the 265 

results from Figs. 1 and 2-5 indicate that, without relying on extremely large training datasets 266 

or complex network extensions, the models developed in this study achieve statistically skillful 267 

ENSO prediction out to 18 months. This demonstrates that subsurface temperature information 268 



is a key predictor for improving medium- and long-range ENSO forecasting skill. 269 

 270 



Fig. 1 Performance of ConvTransformer, CNN and other climate models: (a) all-season ACCs 271 

of ConvTransformer, CNN, seven NMME models, and the equal-weighted ensemble of the 272 

seven NMME models (MME) at different forecast lead times; (b) as in (a) but using RMSE as 273 

the performance metric; (c) conditional RMSE of ConvTransformer, CNN , seven NMME 274 

models, and the equal-weighted ensemble of the seven NMME models (MME) at different 275 

forecast lead times, where extreme events are defined using a fixed threshold ߬  (with ߬ =276 1.0∘C  for the Niño3.4 index); (d) the weighted RMSE of ConvTransformer, CNN, seven 277 

NMME models, and the equal-weighted ensemble of the seven NMME models (MME) at 278 

different forecast lead times, where extreme events are defined using a fixed threshold ߬ (with 279 ߬ = 1.0∘C for the Niño3.4 index) and a weight of 3.0 is assigned to extreme events while a 280 

weight of 1.0 is assigned to non-extreme events. The bootstrapping method was employed to 281 

test the significance of the ACC and the three types of RMSE derived from the forecast outputs 282 

of the deep learning models (ConvTransformer and CNN). Solid red dots indicate results that 283 

are significantly better than the random forecast benchmark at the 95% confidence level, open 284 

squares indicate results that are significantly better than the persistence benchmark at the 95% 285 

confidence level, and open diamonds indicate results that are significantly better than the MME 286 

at the 95% confidence level. 287 

 288 

The forecast performance is better illustrated in Figure 2, which compares the predicted and 289 

observed values from both ConvTransformer model and CNN model using combined SST 290 

anomalies and SUBT anomalies. Both deep learning models successfully capture the monthly 291 

variation of the actual Niño3.4 index, though systematic biases emerge in magnitude estimation, 292 

which is particularly evident in the underprediction of the 2015 El Niño event intensity. In 293 

addition, forecast skill exhibits pronounced lead-time dependence, with initial phase deviations 294 

appearing at 6-month lead time that amplify into complete phase reversals as lead time extends. 295 



 296 

Fig. 2 Monthly time series (2013-02 to 2022-07) of the actual and predicted Niño3.4 index at 297 

1-, 6-, 9-, 12-, 15-, and 18-month lead times. Above-average (below-average) values indicate 298 

El Niño (La Niña) events, respectively. 299 

 300 



Comparative analysis of two strong El Niño events (2015, 2023) (Fig. S1) and two La Niña 301 

events (2017, 2021) (Fig. S2) reveals distinct performance characteristics between the two deep 302 

learning models across ENSO events. As illustrated in Figure S1, both the ConvTransformer 303 

and CNN models effectively capture the evolution of strong El Niño events, with the 304 

ConvTransformer model outperforming the CNN—its predictions remain above the threshold 305 

of 1.0 °C even at 18-month lead time, whereas the CNN model exhibits a more significant 306 

attenuation in predictive amplitude as lead times extend—though its predictions remain valid 307 

overall. In contrast, for La Niña predictions (Fig. S2), both models exhibit significantly larger 308 

temporal lags, with phase delays accumulating to several months at extended lead times. 309 

This study further assessed the forecasting skill of two deep learning models and MME for El 310 

Niño and La Niña events using three key metrics: Hit Rate (HR), False Alarm Rate (FAR), and 311 

Critical Success Index (CSI). To address uncertainties arising from the small sample size of 312 

ENSO events, Table S1 presents the bootstrapped mean HR, FAR, and CSI values for the 313 

ConvTransformer model, CNN model, and MME, while Table S2 shows the corresponding 314 

confidence intervals based on interquartile ranges (IQR). To verify the significance of 315 

differences in HR between the deep learning models and MME, the bootstrapping method was 316 

employed to conduct a significance test on their HR differences (ΔHR) (Fig. S3). The evaluation 317 

results in Table S1 indicate that, except for the 1-month lead time forecast of El Niño events, 318 

the HR values of the two deep learning models are significantly higher than that of MME at 319 

lead times of 6-12 months (Fig. S3), indicating a substantial and reliable improvement in 320 

predictive skill. For La Niña event prediction, the HR of the ConvTransformer model is 321 

significantly higher than that of MME at lead times of 1, 6, 9, and 12 months (Fig. S3), while 322 

the HR of the CNN model is also significantly higher than that of MME at lead times of 1 and 323 

12 months (Fig. S3). Additionally, within the 18-month forecast lead time, both the 324 

ConvTransformer and CNN models demonstrate excellent forecasting skill for El Niño events 325 

(i.e., high HR, low FAR, and large CSI). Specifically, at the 18-month lead time, the HR values 326 

of the two models remain as high as 85% (ConvTransformer) and 74% (CNN). However, 327 

forecasting La Niña events poses greater challenges: as the forecast lead time extends, the HR 328 

exhibits a more pronounced downward trend. Specifically, the HR of the ConvTransformer 329 

model decreases from 100% to 67%, while that of the CNN model drops from 79% to 65%. To 330 



compare the significance of HR differences between the two deep learning models in 331 

forecasting El Niño and La Niña events, Fig. S4 presents the 95% confidence intervals (CIs) of 332 

ΔHR for the two deep learning models in forecasting these two events. Open pentagrams 333 

indicate that the differences passed the 95% significance test; it can be observed that the HR of 334 

the ConvTransformer model is significantly higher than that of the CNN model at lead times of 335 

6, 9, 12, and 18 months. 336 

Additionally, Table S1 shows that the two deep learning models maintain relatively stable 337 

forecasting capability for El Niño events across all forecast lead times, with their performance 338 

for El Niño being superior to that for La Niña events. To assess the significance of differences 339 

in HR between the models’ predictions of El Niño and La Niña events, Fig. S5 presents the 95% 340 

confidence intervals (CIs) of ΔHR for the models’ predictions of these two events, where open 341 

pentagrams indicate that the differences passed the 95% significance test. It can be observed 342 

that, at forecast lead times of 6, 9, 12, and 18 months, the HR values of both deep learning 343 

models for El Niño event predictions are significantly higher than those for La Niña event 344 

predictions. This phenomenon is consistent with conclusions from previous observational 345 

studies, which have documented differences in predictability between the warm ENSO phase 346 

(El Niño) and the cold ENSO phase (La Niña)60. As demonstrated by Hayashi and Jin61, 347 

subsurface cold anomalies originating in the western Pacific weaken significantly by the time 348 

they propagate to the easternmost Pacific; this attenuation reduces the magnitude of surface 349 

cooling in the eastern Pacific, thereby dampening the intensity of subsequent La Niña events. 350 

Based on this observational and analytical evidence, their study concluded that the subsurface 351 

nonlinear dynamical heating contributes to asymmetry in both the magnitude and structure 352 

between El Niño and La Niña. Therefore, the observed differences in our models’ predictive 353 

performance for El Niño versus La Niña events may stem from two key factors: first, the 354 

stronger coherent coupling between the equatorial and subtropical subsurface ocean during El 355 

Niño events, which enhances the traceability of predictive signals; and second, the presence of 356 

phase biases in the model predictions. These phase biases are likely attributed to two 357 

compounding effects: the larger number of historical samples available for warm events 358 

compared to cold ones, and the lower signal-to-noise ratio of La Niña signals62. 359 

2.2. Spring Predictability Barrier (SPB) 360 



To investigate the overall seasonal dependence of forecast values, this study calculated the 361 

monthly correlations of the Niño3.4 index predicted by the ConvTransformer and CNN 362 

models—with inputs of sea surface temperature anomalies and sea subsurface temperature 363 

anomalies—across forecast lead times of 1, 6, 9, 12, 15, and 18 months (Fig. S6). To mitigate 364 

the effects of limited sample size and to provide a robust estimation of the statistical significance 365 

of the monthly correlations, the bootstrapping method was employed to conduct statistical 366 

significance testing on the monthly correlation values, and all correlations were found to be 367 

statistically significant at the 95% confidence level. 368 

From the monthly variations in the ACC, it is evident that the ACC values of both deep learning 369 

models consistently decline between April and May across all forecast lead times—a pattern 370 

consistent with the typical manifestation of the Spring Predictability Barrier (SPB). This aligns 371 

with the finding of Ham et al.28, who noted that model forecasts tend to perform better during 372 

the early months of the calendar year. However, critical differences in the magnitude of this 373 

April–May ACC decline, combined with comparisons against traditional methods, highlight the 374 

superiority of the artificial intelligence (AI)-based approach developed in this study: for short-375 

to-medium lead times (1-12 months), the April-May ACC reduction is extremely modest, 376 

indicating minimal degradation of predictive skill during spring; furthermore, when 377 

benchmarked against conventional ENSO forecasting methods63-65, both deep learning models 378 

achieve substantially higher spring predictive skill—specifically, at the 6-month lead time, the 379 

ConvTransformer and CNN models yield ACC values of 0.75 and 0.78, respectively, in May, 380 

while at the 12-month lead time, their ACC values remain as high as 0.69 and 0.60. These values 381 

outperform the spring ACC levels of traditional methods reported in the literature. Even for 382 

longer lead times (15-18 months), where the April-May ACC decline becomes more 383 

pronounced, the models maintain robust predictive skill in May, with ACC values of 0.68 384 

(ConvTransformer) and 0.64 (CNN) at the 15-month lead time. It is evident that the long-lead 385 

predictions of the two deep learning models also outperform the correlation coefficients 386 

achieved by several other deep learning models during the period from April to May28,29. 387 

Collectively, these results demonstrate that the deep learning models — incorporating sea 388 

subsurface temperature data for ENSO prediction—can effectively mitigate the SPB. The 389 

ability of the models to alleviate this barrier stems from the physical information embedded in 390 



sea subsurface temperature data: unlike SST signals, which are highly susceptible to 391 

interference from seasonal atmospheric variability (a key driver of the SPB)66, sea subsurface 392 

temperature exhibits coherent propagation characteristics—its signals can be stably transmitted 393 

across seasons (from winter to spring, and further to summer and autumn) without significant 394 

attenuation. This enables the deep learning models to continuously capture and learn ENSO-395 

related key physical features throughout the spring season, circumventing the "signal loss" issue 396 

that plagues traditional models and thereby sustaining stable predictive skill during spring. 397 

Figures. S7 and S8 present the seasonal growth rates of forecast errors ݇̅  for the 398 

ConvTransformer and CNN models, respectively, during the growing and decaying periods of 399 

the 2015/2016 El Niño event and 2017/2018 La Niña event across different forecast lead times. 400 

For the ConvTransformer model’s predictions of the El Niño growing period (Fig. S7a), ݇̅஺ெ௃ 401 

is mostly negative, while ݇̅௃஺ௌ  is positive; ݇̅௠௔௫  occurs predominantly in the JAS season, 402 

with the only exception being the 6-month lead forecast, where ݇̅௠௔௫  appears in the JFM 403 

season. For predictions of the El Niño decaying period (Fig. S7b), ݇̅ values are mostly negative, 404 

and ݇̅௠௔௫ primarily occurs in the AMJ season, except for the 1-month lead forecast, where 405 ݇̅௠௔௫ is observed in the OND season. For the CNN model, in 1-month lead forecasts of El 406 

Niño, ݇̅௠௔௫ for both the growing and decaying periods falls in the OND season (Figs. S8a and 407 

S8b), indicating an absence of the SPB phenomenon; however, SPB is evident at other lead 408 

times. In the ConvTransformer model’s predictions of the La Niña growing period (Fig. S7c), 409 ݇̅௠௔௫ occurs in the JFM season for 1- and 6-month lead times, while for other lead times, it 410 

appears in the AMJ season. For predictions of the La Niña decaying period (Fig. S7d), ݇̅௠௔௫ 411 

is observed in the JFM and OND seasons for 6-, 9-, and 12-month lead times, and in the AMJ 412 

and JAS seasons for other lead times. For the CNN model’s predictions of the La Niña growing 413 

period (Fig. S8c), ݇̅௠௔௫ occurs in the JAS season for the 1-month lead time and in the AMJ 414 

season for the 18-month lead time, with other lead times showing ݇̅௠௔௫ in the JFM and OND 415 

seasons. In predictions of the La Niña decaying period (Fig. S8d), ݇̅௠௔௫ falls in the OND 416 

season for 12- and 15-month lead times, while other lead times exhibit ݇̅௠௔௫ in the AMJ and 417 

JAS seasons. These results indicate that for La Niña forecasts, ݇̅௠௔௫  does not consistently 418 

occur in spring, resulting in a less pronounced SPB phenomenon, whereas forecast errors for El 419 

Niño events exhibit distinct seasonal variations, confirming the presence of SPB. 420 



In summary, the deep learning models in this study, by leveraging sea subsurface temperature 421 

data, can effectively mitigate the traditional SPB in ENSO prediction: they reduce the 422 

degradation of predictive skill caused by SPB during spring for short-to-medium lead times (1-423 

12 months) and effectively suppress SPB signal interference in La Niña prediction. This 424 

technical advancement provides a highly promising approach for improving springtime ENSO 425 

predictive skill. 426 

2.3. Interpreting deep learning results 427 

In addition to effective forecasting skill, the physical mechanism underlying the ENSO 428 

prediction based on the theory of sea subsurface temperature propagation can also be unraveled. 429 

To further explore the sea subsurface temperature anomaly regions identified by deep learning 430 

model responsible for skillful prediction of ENSO, we employed Integrated Gradients (IG)67. 431 

The Integrated Gradients (IG) method enables systematic comparison of feature attribution 432 

patterns between El Niño years and neutral years, providing a physical interpretation for the 433 

superior performance of the ConvTransformer model in El Niño event prediction. Given the 434 

distinct climatic backgrounds during the period 1871-2024, a composite analysis of attribution 435 

maps across the entire timeframe would lead to ambiguous attributions. Therefore, we divided 436 

this period into three climatic periods based on background conditions: 1871-1939 (the residual 437 

effects of the Little Ice Age and transition to modern warming)68, 1940-1979 (mid-20th century 438 

warming slowdown/climatic regime shift period)69, and 1980-2024 (the recent rapid warming 439 

period)68. Composite attribution analyses were then conducted separately for El Niño events 440 

under each of these distinct climatic backgrounds. For the period 1871-1949, El Niño years 441 

(1877, 1878, 1880, 1881, 1884, 1885, 1888, 1889, 1891, 1896, 1897, 1899, 1900, 1902, 1903, 442 

1905, 1906, 1911, 1912, 1914, 1915, 1918, 1919, 1925, 1926, 1930, 1931, 1939, 1940, 1941, 443 

1942, 1946, 1947, 1949) were selected based on the MEI.ext (Extended Multivariate ENSO 444 

Index: NOAA Physical Sciences Laboratory) and historically reconstructed "consensus events". 445 

For 1950–2024, El Niño events (1951, 1952, 1953, 1954, 1957, 1958, 1959, 1963, 1964, 1965, 446 

1966, 1968, 1969, 1970, 1972, 1973, 1976, 1977, 1978, 1979, 1982, 1987, 1991, 1994, 1997, 447 

2002, 2004, 2006, 2009, 2015, 2018, 2023) were identified according to the official Oceanic 448 

Niño Index (ONI) classification from NOAA/CPC (origin.cpc.ncep.noaa.gov). Focusing on 449 

these El Niño events, this study derived composite attribution maps for the 1-month lead-time 450 

https://psl.noaa.gov/enso/mei.ext/
https://psl.noaa.gov/enso/mei.ext/
https://origin.cpc.ncep.noaa.gov/


forecast of El Niño’s peak stage across the three climatic backgrounds, covering multiple depth 451 

layers (surface, 5 m, 35 m, 46 m, 110 m, 149 m, 201 m, 288 m). Regions with statistical 452 

significance (p < 0.05, Student’s t-test) are highlighted in these maps (Figs. S9, S11, 3). 453 

Additionally, Figs. S10, S12, and 4 present composite ocean temperature analysis maps 454 

corresponding to the composite attribution maps across the same depth layers. These ocean 455 

temperature maps were used to verify whether the key regions identified by attribution analysis 456 

coincide with regions of ocean temperature anomalies. Examination of the composite 457 

attribution maps and ocean temperature composite maps under different climatic backgrounds 458 

reveals that the spatial distribution of ocean temperature anomalies varies across these 459 

backgrounds. However, the key regions captured by the ConvTransformer model are generally 460 

consistent with the regions of significant ocean temperature anomalies—this consistency 461 

provides a physical basis for the model’s excellent performance in El Niño prediction. Given 462 

that the quality of data from 1980 onwards is higher than that of reconstructed data from 1871-463 

1979 (e.g., ocean temperature reconstructions based on ship observations)70, and that the 464 

climatic background since 1980 is most similar to the present day, the attribution patterns 465 

derived for this period are more reliable. Therefore, this study focuses on the analysis of 466 

attribution composite maps and ocean temperature composite maps for the 1980-2024 period. 467 

Attribution analysis results in Fig. 3 show that, when the ConvTransformer model forecasts El 468 

Niño’s Phase 3, the captured key regions exhibit a distinct depth-dependent structure, which is 469 

generally consistent with the anomaly distribution of ocean temperature across different layers 470 

in Fig. 4. Specifically, at the sea surface, key regions are concentrated near 20°N in the eastern 471 

Pacific and the Niño regions (see Fig. 3a). At 5 m below the sea surface (Fig. 3b), the range of 472 

regions with high attribution values expands, focusing on the equatorial zone (125°E-175°E, 473 

160°W-110°W)—this zone corresponds to a region of significant ocean temperature anomalies 474 

in the ocean temperature composite analysis map (Fig. 4b). From 35 m to 201 m below the sea 475 

surface (Figs. 3c-g), clear regions with high attribution values remain visible in the equatorial 476 

zone (125°E-175°E, 160°W-110°W); however, as depth increases, the range of these high-477 

attribution regions shrinks, and they still align with the ocean temperature composite analysis 478 

maps (Figs. 4c-g). At 288 m below the sea surface, ocean temperature anomalies are weak, and 479 

the model can only capture scattered signals. These results demonstrate the ConvTransformer 480 



model’s ability to capture distinct and coherent signals during the forecast of El Niño’s peak 481 

stage, validating its utility in El Niño event prediction. 482 

 483 

Fig. 3 Composite integrated gradient (IG) maps for El Niño events (1980-2024), illustrating 484 

key characteristics of sea surface and multi-layer subsurface fields (at 5, 35, 46, 110, 149, 201, 485 

and 288 meters) during the peak stage of El Niño events that occurred between 1980 and 2024, 486 

as forecasted by ConvTransformer model at 1-month lead time. The maps were smoothed using 487 

a Gaussian filter (σ=1.0) to reduce outlier effects. Shaded regions indicate areas where 488 

attribution values exceed the 95% confidence level based on Student's t-test, highlighting 489 

statistically significant precursors for El Niño development. 490 

 491 



 492 

Fig. 4 Composite analysis maps of sea surface and multi-layer subsurface fields (at 5, 35, 46, 493 

110, 149, 201, and 288 meters) during the peak stage of El Niño events (1980-2024), with the 494 

shaded areas representing regions where the values exceed the 95% confidence level. 495 

 496 

To investigate whether the key regions captured by the ConvTransformer model differ when 497 

forecasting different stages of El Niño, Fig. S13 presents composite analysis maps of attribution 498 

values captured by the model for the 1-month lead-time forecast of El Niño’s pre-peak stage, 499 

with Fig. S14 showing the corresponding composite ocean temperature analysis maps. Fig. S13 500 

reveals that, compared to the forecast of El Niño’s peak stage, the key signals captured by the 501 

model during the forecast of El Niño’s pre-peak stage are weaker. Additionally, attribution 502 

analysis for La Niña events (not shown) exhibits even weaker subsurface signals, with the 503 

model focusing more on regions of significant sea surface anomalies—this pattern corresponds 504 

to the overall lower predictability of La Niña events. 505 

Collectively, these lines of evidence demonstrate that the ConvTransformer model effectively 506 



captures the physical precursor signals during the development of El Niño. In broad terms, the 507 

development of strong El Niño events in 1982, 1997, and 2015 is linked to ocean dynamics and 508 

the slow discharge of equatorial heat to extra-equatorial regions. The diversity of different El 509 

Niño events arises from the varying roles of noise forcing and positive/negative coupled 510 

atmosphere-ocean feedback processes71. While different predictability sources influence ENSO 511 

evolution38, our study shows that model can effectively forecast El Niño events by successfully 512 

capturing the propagation of sea subsurface temperature. Likewise, Peng et al.72 analyzed the 513 

drivers of the 2023-2024 strong El Niño event and found, through mixed-layer heat budget 514 

analysis, that vertical advection—accounting for 62% of the warming—was the dominant 515 

contributor to the eastern Pacific warming, with thermocline feedback playing a leading role. 516 

The 2023-2024 event demonstrates that oceanic internal dynamics can independently trigger 517 

strong El Niño events without atmospheric feedback. This provides theoretical support for the 518 

model's effectiveness in forecasting strong El Niño events by capturing key oceanic dynamical 519 

processes. 520 

2.4. Linkage between ENSO stages and subsurface patterns 521 

The propagation of sea subsurface temperature anomalies in the tropical Pacific exhibits a well-522 

defined loop structure, with eastward signal propagation along the equatorial waveguide (8°S-523 

8°N) and westward propagation in the off-equatorial region (8°N-24°N), and the complete 524 

circuit period of these thermal anomalies aligns with the characteristic 2 to 7 year timescale of 525 

ENSO recurrence50, demonstrating a robust phase-locking between subsurface dynamics and 526 

ENSO cyclicity. 527 

Consistent with this dynamical framework, the Integrated Gradients (IG) results reveal that the 528 

attribution intensity and spatial coherence differ between the pre-peak and peak El Niño stages, 529 

implying that distinct physical processes govern different phases of event evolution. These 530 

findings motivated a stage-based partitioning approach, enabling a more detailed investigation 531 

into how subsurface temperature anomalies and coupled feedback mechanisms evolve through 532 

successive ENSO stages, and how the ConvTransformer model effectively captures these stage-533 

dependent predictive signals. 534 

This selected twelve El Niño years (1982, 1987, 1991, 1994, 1997, 2002, 2004, 2006, 2009, 535 

2015, 2018, 2023) and twelve La Niña years (1983, 1984, 1988 1995, 1998, 2000, 2007, 2010, 536 



2011, 2017, 2020, 2022) within the 1980-2024 period. The identification of El Niño and La 537 

Niña events is conducted in accordance with the official criteria established by the National 538 

Oceanic and Atmospheric Administration (NOAA) for El Niño and La Niña (El Niño and La 539 

Niña Alert System | NOAA Climate.gov). Each ENSO event was categorized into five 540 

characteristic stages (Fig. 5). The definitions of Stages 1-5 for ENSO events are as follows: 541 

Stage1 (Onset Initial Stage) specifically refers to the month when the 3-month running mean of 542 

the Niño3.4 index first exceeds 0°C (for an impending El Niño event) or falls below 0°C (for 543 

an impending La Niña event). This stage marks the initial onset of oceanic anomalies prior to 544 

the formal occurrence of the ENSO event. El Niño (or La Niña) Stage2 (Pre-peak Stage) 545 

commences when the SST continues to rise (or fall) but has not yet reached the peak of its 546 

anomalous amplitude, and the 3-month running mean of the Niño3.4 index crosses 0.5°C (or -547 

0.5°C) for the first time. For Stage3 (Peak Stage), due to the inherent variability in the peak 548 

magnitude of the Niño3.4 index across different ENSO events (i.e., no universal quantitative 549 

threshold applies to all events), it is qualitatively defined as the month when the 3-month 550 

running mean of the Niño3.4 index reaches its maximum value during a specific El Niño or La 551 

Niña event. During Stage4 (Decay Stage), as the intensity of El Niño (or La Niña) weakens, the 552 

3-month running mean of the Niño3.4 index drops to 0.5°C (or -0.5°C). Stage5 (Termination 553 

Stage) is the final phase of the event, during which the 3-month running mean of the Niño3.4 554 

index gradually approaches 0°C, and the impacts of the ENSO event dissipate accordingly. This 555 

definition framework ensures a structured temporal division of the ENSO cycle across its onset, 556 

peak, and decay stages. 557 

https://www.climate.gov/news-features/understanding-climate/el-nino-and-la-nina-alert-system
https://www.climate.gov/news-features/understanding-climate/el-nino-and-la-nina-alert-system


 558 

Fig. 5 El Niño years and La Niña years stage diagram of Niño3.4 index. 559 

 560 

The distinct loop propagation of sea subsurface temperature anomalies-characterized by 561 



eastward movement within the 8°S-8°N equatorial waveguide and westward movement in the 562 

8°N-24°N off-equatorial band-necessitates separate analysis of these latitudinal zones. 563 

Composite analysis with statistical significance evaluated via Student’s t-test (p < 0.05) was 564 

employed to identify characteristic propagation patterns during ENSO events. 565 

Analyzing the characteristics of sea subsurface temperature anomalies within 8°S-8°N during 566 

El Niño and La Niña events (Fig. 6) reveals that positive subsurface anomalies first emerge in 567 

the western-central Pacific (180°-140°W) during the pre-El Niño period, i.e., Stage1, gradually 568 

propagating eastward and intensifying to dominate the east-central Pacific by the peak stage, 569 

i.e., Stage3. As the event decays, these warm anomalies weaken while negative anomalies 570 

originating in the western Pacific propagate eastward, ultimately leading to the event's 571 

termination. The La Niña evolution exhibits an opposite but symmetric pattern, with cold 572 

anomalies propagating eastward during the development stage and warm anomalies emerging 573 

during decay. This latitude-dependent propagation behavior is clearly evident in the phase 574 

reversal between warm and cold events (Fig. 6). 575 



 576 

Fig. 6 Composite analysis of sea subsurface temperature anomalies for the El Niño events and 577 

the La Niña events at 8°S-8°N, with the shaded area exceeding the 95% confidence level. 578 

 579 

The analysis of sea subsurface temperature anomalies in the off-equatorial North Pacific (8°-580 

24°N) reveals distinct propagation characteristics during ENSO events. During El Niño 581 

development, the eastern Pacific initially exhibits negative anomalies in Stage1. As the event 582 

progresses to Stage2, the influence of positive anomalies from the equatorial region (8°S-8°N) 583 

becomes apparent, triggering a phase reversal in the 8°N-24°N band. This reversal manifests as 584 

a westward propagation of positive anomalies that intensify through Stages3 and 4, before 585 

weakening in Stage5. The La Niña composite shows an inverse propagation pattern, though 586 



with notable asymmetry in anomaly strength. A clear shift of positive and negative phases can 587 

be seen in Fig. 7, and the positive anomalies are stronger than the negative anomalies. 588 

 589 

Fig. 7 Composite analysis of sea subsurface temperature anomalies for the El Niño events and 590 

the La Niña events at 8°N-24°N, with the shaded area exceeding the 95% confidence level. 591 

 592 

Overall, subsurface oceanic signals typically exhibit stronger and more coherent precursor 593 

patterns during El Niño events compared to La Niña events, consistent with the findings of 594 

Hayashi and Jin61. This observed propagation pattern establishes subsurface thermal anomalies 595 

across the 8°S-24°N band as a physically meaningful precursor for ENSO development, with 596 

the loop mechanism serving as both a climate memory element and a potential predictor for 597 



ENSO phase transitions. The coherent coupling between equatorial and off-equatorial 598 

subsurface processes through this propagation loop provides critical insights into ENSO's 599 

inherent predictability. 600 

3. Discussion 601 

Recent advances in deep learning have significantly enhanced climate forecasting capabilities, 602 

yet concerns persist regarding the physical fidelity of these data-driven approaches. To address 603 

this critical gap, our study establishes a physically-constrained framework for ENSO prediction 604 

by (i) systematically examining subsurface temperature propagation mechanisms during ENSO 605 

events, and (ii) developing two novel deep learning architectures—a CNN and 606 

ConvTransformer model—that explicitly incorporate both sea surface and subsurface 607 

temperature anomalies.  608 

Our results demonstrate that these hybrid models successfully capture essential subsurface 609 

dynamics, enabling skillful prediction of both El Niño and La Niña events at 18-month lead 610 

times. Moreover, the ConvTransformer model identifies distinct key regions corresponding to 611 

different stages of El Niño evolution, demonstrating its ability to learn physically meaningful 612 

ENSO precursor signals while maintaining state-of-the-art predictive accuracy. This study 613 

establishes that physically-constrained deep learning models can achieve skillful ENSO 614 

predictions at 18-month lead times by leveraging sea surface temperature and sea subsurface 615 

temperature information. At the longest lead times, the streamlined CNN marginally 616 

outperforms the ConvTransformer, which we attributed to data-limited conditions. The CNN’s 617 

stronger local and translation-equivariant inductive biases confer greater data efficiency when 618 

the effective sample size is constrained. By contrast, Transformers are well suited to capturing 619 

long-range dependencies but, owing to weaker priors, typically require substantially larger 620 

pretraining datasets to avoid restricted generalization or overfitting73; accordingly, at shorter 621 

leads the ConvTransformer can more fully exploit nonlocal dependencies and is therefore more 622 

advantageous. Furthermore, while a simple CNN architecture already demonstrates the 623 

capability to effectively predict El Niño events at this 18-month lead time, the incorporation of 624 

a Transformer Encoder enables the model to yield more accurate forecasts of El Niño event 625 

intensity—thereby further enhancing the overall prediction skill for El Niño events. While this 626 

study’s input domain (8°S-24°N, 120°E-90°W) effectively isolates equatorial-extra-equatorial 627 



Pacific subsurface temperature interactions, it inherently limits performance by excluding extra-628 

Pacific precursor signals. The model cannot capture out-of-domain inter-basin teleconnections, 629 

weakening its skill for ENSO events driven by extra-Pacific forcing—such as those triggered 630 

by North Tropical Atlantic warming74,75, modulated by the Indian Ocean Dipole (IOD)76, or 631 

influenced by the South Atlantic Subtropical Dipole (SASD)77—and restricting generalizability 632 

across ENSO forcing regimes. To address these limitations, future research will expand the 633 

input domain to incorporate additional key regions. This expanded domain will enable three 634 

critical objectives: first, to evaluate whether the inclusion of extra-Pacific signals enhances 635 

overall ENSO forecasting skill, particularly for events with strong extra-Pacific forcing; second, 636 

to assess whether such an expansion can mitigate the SPB by leveraging persistent inter-basin 637 

teleconnection signals that often sustain predictability when Pacific-internal signals weaken; 638 

and third, to deepen the understanding of how multi-basin interactions collectively regulate 639 

ENSO predictability, thereby providing a more comprehensive view of the global coupled 640 

processes governing ENSO evolution. In addition, developing hybrid approaches that integrate 641 

our deep learning framework with dynamical models is to be followed up with in-depth studies. 642 

Finally, although this study has shown that the propagation mechanism of sea subsurface 643 

temperature has a significant impact on ENSO prediction, it has not yet explored how the warm 644 

and cold anomalies in the subsurface layer are generated. Investigating the generation 645 

mechanisms of subsurface thermal anomalies to complete our physical understanding of ENSO 646 

precursors is necessary. 647 

Building on this study’s findings and recent advances in ENSO prediction, future research will 648 

focus on two core priorities to advance forecasting accuracy, robustness, and interdisciplinary 649 

integration: enhancing short-term ENSO prediction and fusing climate models with DL models. 650 

First, to improve short-term ENSO prediction (lead times: 1-3 months), three key directions are 651 

proposed. Leveraging high-resolution observational/reanalysis datasets to optimize ocean-652 

atmosphere coupled model initialization—prioritizing subsurface ocean thermal anomalies and 653 

atmospheric boundary layer processes—will reduce initial condition uncertainties, a major 654 

source of short-term forecast error. Additionally, transfer learning can enhance performance by 655 

adapting pre-trained models to ENSO-specific datasets, while refined multi-model ensembling 656 

will harness diverse model strengths to mitigate individual biases. 657 



Second, integrating climate and DL models addresses single-method limitations. Three 658 

complementary frameworks are suggested: (i) DL models correct biases in key variables (e.g., 659 

subsurface temperature, surface wind stress) from reanalysis data to optimize climate model 660 

initialization, reducing error propagation; (ii) climate models provide physical constraints (e.g., 661 

ocean heat conservation) to DL models training/inference, resolving the "black box" issue and 662 

improving generalization for rare ENSO phases; (iii) a hybrid ensemble combines climate and 663 

DL models predictions, with dynamic weighting based on model performance in specific ENSO 664 

processes and seasonal skill variations. 665 

Collectively, these directions will enhance short-term ENSO prediction precision and build a 666 

more physically grounded, robust forecasting system, advancing ENSO predictability across 667 

lead times and seasons. 668 

4. Methods 669 

4.1. Data 670 

This study utilizes monthly sea surface temperature and sea subsurface temperature (5-300m) 671 

data from the equatorial and extra-equatorial Pacific as predictors, with the spatial domain 672 

constrained to 8°S-24°N, 120°E-90°W. This domain selection is grounded in robust physical 673 

evidence from prior literature: Qian and Hu50 demonstrated that the propagation loop of 674 

subsurface ocean temperature anomalies in the Pacific between 8°S and 24°N is dynamically 675 

linked to ENSO variability, while Timmermann et al.71 further emphasized that oceanic heat 676 

content within this continuous equatorial–extra-equatorial Pacific region serves as the most 677 

direct and robust predictor for ENSO, providing a solid physical basis for our focus on this 678 

specific domain. The SST data are sourced from the Hadley Centre, specifically the HadISST1 679 

(Hadley Centre Sea Ice and Sea Surface Temperature dataset version 1) product, which features 680 

an original spatial resolution of 1°×1°. Prior to model input, these SST data are spatially 681 

interpolated to a finer grid with a resolution of 0.5°×0.5°. Sea subsurface temperature data 682 

utilized in this study are derived from two versions of the Simple Ocean Data Assimilation 683 

(SODA) reanalysis, specifically SODA 2.2.4 and SODA 3.15.2, both of which feature a 684 

horizontal spatial resolution of 0.5°×0.5°. Consistent with the native variable format of SODA 685 

reanalysis datasets, we directly employed the potential temperature fields provided in these two 686 

versions. To address the difference in vertical level configurations between the two SODA 687 



versions and ensure consistent depth matching for subsequent model training and data analysis, 688 

we performed vertical interpolation on the subsurface temperature data of SODA 2.2.4 using a 689 

cubic spline interpolation method. Following interpolation, we further standardized the 690 

interpolated SODA 2.2.4 data by calibrating its mean and variance to match those of SODA 691 

3.15.2 at each corresponding depth level. 692 

The dataset underwent comprehensive preprocessing to enhance signal detection. First, we 693 

removed the climatological annual cycle by calculating temporal anomalies for all variables. 694 

The time period used for trend calculation is 1981-2010. During the detrending process, the 695 

monthly ocean temperature data for each year were subtracted by the corresponding monthly 696 

mean (derived from the 1981-2010 period). Second, to better capture the characteristic 697 

propagation patterns of thermal perturbations across different vertical layers, we subsequently 698 

computed zonal anomalies from the detrended temperature fields. This two-step processing 699 

isolates the meridional perturbation component of sea surface and subsurface temperature 700 

anomalies, which exhibit significant relevance to ENSO dynamics. 701 

The predictor variables consist of consecutive 8-month temperature fields, used to forecast the 702 

subsequent 18-month evolution of the Niño3.4 index—a core metric for ENSO quantification. 703 

Forecast lead time is defined as the temporal interval between the target prediction month and 704 

the final month of the input sequence. For the training process of the neural network, this study 705 

partitions the dataset into training, validation, and testing sets by continuous time periods. In 706 

this study, Hadley Centre observations and SODA reanalysis from 1871-1996 are used to train 707 

the neural network model. In addition, for the cross-validation analysis, this study uses Hadley 708 

Centre observations and SODA reanalysis from 1997-2010 as the validation set to evaluate the 709 

prediction skill. This temporal partitioning strategy—specifically, 1871-1996 years for training, 710 

1997-2009 years for validation, and 2010-2024 years for testing (detailed in Table S3)—adopts 711 

non-overlapping time ranges across all subsets to eliminate data leakage. This design ensures 712 

rigorous evaluation of model generalizability while preserving temporal coherence between the 713 

training and validation processes. The SODA reanalysis provides physically consistent oceanic 714 

fields that are particularly valuable for capturing subsurface processes critical to ENSO 715 

evolution. 716 

To evaluate the relative significance of surface and subsurface signals, we conducted 717 



comparative forecasting experiments with three configurations: one using SST anomalies alone, 718 

one using SUBT anomalies alone, and one integrating both SST anomalies and SUBT 719 

anomalies. All three configurations utilized identical dataset partitioning (Table S3) and deep 720 

learning architectures to predict the Niño3.4 index at 1-18 forecast lead months, facilitating a 721 

direct comparison of their predictive skill and the incremental value of subsurface information. 722 

To benchmark our deep learning models, we employed retrospective forecasts (hindcasts) from 723 

Phases 1 and 2 of the North American Multi-Model Ensemble (NMME). The NMME models 724 

(detailed in Table S4) provide monthly mean SST forecasts initialized monthly from January 725 

1980 through December 2010, with a 12-month forecast lead time. All model outputs have been 726 

processed to calculate anomalies relative to the 1981-2010 climatological mean, and 727 

standardized to a common temporal framework spanning January 1980 to December 2024, 728 

enabling direct comparison of forecast skill across initialization months. 729 

4.2. Architecture of deep learning models 730 

The ConvTransformer model architecture developed in this study (Fig. 8) comprises seven core 731 

components: an input layer, ConvNetwork module, Convolutional Block Attention Module 732 

(CBAM)78, Flatten layer, Linear Projection, Transformer encoder79, and output layer. The input 733 

layer ingests raw data, while the ConvNetwork module—composed of three convolutional 734 

layers and corresponding pooling layers—extracts spatial features via sliding kernels and 735 

compresses feature maps to mitigate overfitting and enhance translation invariance. To better 736 

capture sea subsurface temperature variation characteristics, this study incorporates a 737 

Convolutional Block Attention Module into the model. CBAM adaptively learns the channel 738 

and spatial attention weights to capture cross-dimensional feature correlations, thereby 739 

enhancing the feature representation capability of the convolutional neural network, Woo et al.78 740 

demonstrated improved model performance when channel dimension integration precedes 741 

spatial dimension integration. The Flatten layer converts multi-dimensional features to a 1D 742 

vector, which is dimensionally adjusted by Linear Projection before entering the Transformer 743 

encoder. The Transformer encoder consists of two stacked Transformer layers, each composed 744 

of Multi-Head Attention, Residual Connection, Layer Normalization, and Feed-Forward 745 

Network. The Multi-Head Attention, as the core component of the Transformer layer, enables 746 

parallel extraction of multi-scale features by partitioning input sequences into multiple attention 747 



heads, thereby enhancing the model's representational capacity. In the Transformer architecture, 748 

Residual Connection and Layer Normalization are typically employed in tandem: Residual 749 

Connection preserves information through multi-layer transformations and maintain gradient 750 

flow, while Layer Normalization stabilizes activation value distributions after each sub-layer 751 

(e.g., Multi-Head Attention, Feed-Forward Network) to accelerate training. The Feed-Forward 752 

Network, typically structured as two fully connected layers with a nonlinear activation function 753 

in between, further processes the Multi-Head Attention outputs to capture complex feature 754 

interactions. In the ConvTransformer model, the Transformer encoder processes feature vectors 755 

extracted by the ConvNetwork module and projected to a compatible dimension, leveraging 756 

stacked self-attention mechanisms to model long-range dependencies across sequential features. 757 

These processed features are then fed into a fully connected layer to generate Niño3.4 index 758 

predictions. 759 

In contrast, the companion CNN model adheres to a conventional architecture optimized for 760 

spatial feature extraction. Its six components include: input layer, convolutional layer, pooling 761 

layer, Convolutional Block Attention Module (CBAM), fully connected layer and output layer. 762 

This architecture balances feature extraction efficiency (three convolutional layers) with 763 

attention-guided refinement (CBAM), enabling the model to discern subtle precursors of ENSO 764 

events from complex oceanic data. 765 

Both models utilize ocean temperature anomalies as input data, with the target output being the 766 

3-month running mean of the Niño3.4 index. Both models are configured with 136 input 767 

channels to ensure sufficient capacity for extracting complex spatiotemporal features of ocean 768 

thermal variations. To mitigate overfitting during model training, a Dropout regularization 769 

technique is employed with a dropout rate of 0.5. The total number of trainable parameters for 770 

the ConvTransformer model and the CNN model is 34,255,368 and 10,644,148, respectively. 771 



 772 

Fig. 8 Overall model architecture of ConvTransformer. 773 

 774 

4.3. Model training strategies 775 

The model was trained using the AdamW optimizer80. Quantile Loss (QL)81 was adopted as the 776 

loss function, and its formulation is provided in Equation 777 

ݏݏ݋ܮⅈ݈ⅇݐ݊ܽݑܳ 778:(1) = 1ே ∑ ௬̂೔≥௬೔ே௜=1ߎ (1 − ௜ݕ|(ߛ − |௜ݕ̂ + ௜ݕ|ߛ௬̂೔<௬೔ߎ − |௜ݕ̂ (1) 779 

where ݕ௜ is the actual target value, ̂ݕ௜ is the predicted value of the model, and ߛ denotes the 780 

quantile level, which typically ranges between 0 and 1. In this study, the quantile loss is adapted: 781 

the quantile level is set to 0.8 for positive true values and 0.3 for negative true values. 782 

Furthermore, the batch size is configured as 256, representing the number of samples per 783 

training iteration. The learning rate, a hyperparameter controlling the speed at which the model 784 

adjusts weights based on the loss function's gradient during training, was set to 0.001. To 785 

mitigate the risk of overfitting, we adopted a model selection strategy that prioritizes the 786 

checkpoint corresponding to the lowest validation loss during the entire training process. 787 

In this study, both the proposed ConvTransformer model and CNN model were trained as single 788 

unified frameworks rather than separate models for individual lead times or initialization 789 

months. Specifically, for each model, we used a consistent training framework where the input 790 

consists of consecutive 8-month sequences of ocean temperature anomalies, and the output 791 

directly predicts the Niño3.4 index across all target lead times (1 to 18 months). This unified 792 

design eliminates the need to train distinct models for each lead time; instead, the model learns 793 



to capture the time-varying relationships between the 8-month input ocean temperature 794 

sequences and Niño3.4 variability at different forecast horizons through its internal hierarchical 795 

feature extraction. Regarding initialization months, the unified model is further designed to 796 

cover all calendar months as initial conditions. During the training phase, we constructed the 797 

input-output dataset by sliding the 1-month input window across every month of the historical 798 

record, ensuring that the model is exposed to initialization signals from all seasons. This 799 

approach avoids the limitation of training separate models for individual initialization months 800 

and enables the model to learn seasonally varying precursor signals that contribute to ENSO 801 

predictability across different initial conditions. 802 

4.4. Forecast verification methods 803 

The temporal anomaly correlation coefficient (ACC) and root-mean-square error (RMSE) are 804 

utilized to validate the performance of the model. They are computed as a function of the 805 

forecast lead month 806 :ݐ 

(ݐ)ܥܥܣ = 112 ∑  12
௠=1

∑ ( ௬ܶ,௠ − ௠ܶ̅̅ ̅̅ )௘௬=௦ ௬,௠,௧ܨ) − ௠,௧̅̅ܨ ̅̅ ̅)√∑ ( ௬ܶ,௠ − ௠ܶ̅̅ ̅̅ )2 ∑ ௬,௠,௧ܨ) − ௠,௧̅̅ܨ ̅̅ ̅)2௘௬=௦௘௬=௦ (2) 807 

RMSE(ݐ) = 112 ∑  12
௠=1 √1ܰ ∑  ே

௬=1 ௬,௠,௧ܨ) − ௬ܶ,௠)2 (3) 808 

Where ܶ and ܨ denote the measured and forecast values, respectively; ݉ represents target 809 

months (ranging from 1 to 12), and ݐ is the forecast lead months; ௠ܶ̅̅ ̅̅  and ܨ௠,௧̅̅ ̅̅ ̅ denote the 810 

temporal climatology, respectively; the label ݕ denotes the forecast target year, and ܰ is the 811 

number of target years to predict. For different forecast lead times, the ACC and RMSE are 812 

typically calculated separately for each calendar month, and the results across all months are 813 

then averaged to derive the all-season ACC scores and RMSE scores corresponding to each lead 814 

time. This approach is designed to avoid overestimating forecast performance caused by the 815 

phase-locking behavior of the ENSO—a phenomenon that leads to significant seasonal 816 

variations in both climate variability and predictability. 817 

When the research focus is on ENSO extreme events, the evaluation using full-sample RMSE 818 

tends to be dominated by non-extreme phases (which have a larger sample size), thereby 819 

obscuring the model improvements achieved during extreme phases. To address this issue, we 820 



reported lead-wise verification over forecast lead months using two extremes-aligned metrics. 821 

First, a conditional RMSE (Equation 4) is computed only over extreme months for each lead to 822 

specifically evaluate the model performance during ENSO extreme events, where extremes are 823 

defined lead-wise by the fixed threshold. Second, to highlight extremes within the all-sample 824 

verification, we compute weighted RMSE (Equation 5) with larger sample weights assigned to 825 

extreme months and smaller weights to non-extreme months; to ensure comparability with the 826 

unweighted metrics, the weights at each lead time were normalized such that their sum equaled 827 

the number of valid samples for that lead. 828 

RMSE(ext)(ݐ) = √ 1|Ω௧| ∑  ௜∈Ω೟   ௜,௧ܨ) − ௜ܶ,௧)2, Ω௧ = {ⅈ: | ௜ܶ,௧| > ߬} (4) 829 

RMSE(௪)(ݐ) = 112 ∑  12
௠=1 √ 1∑  ே೟,೘௜=1   ௜,௧,௠ݓ̃ ∑  ே೟,೘

௜=1   ௜,௧ܨ) ௜,௧,௠ݓ̃ − ௜ܶ,௧)2 (5) 830 

Let ௜ܶ,௧ and ܨ௜,௧ denote the observed and predicted values for sample ⅈ at forecast lead 831 .ݐ 

For the conditional RMSE, |Ω௧| denotes the number of extreme samples at lead time ݐ. For 832 

the weighted RMSE, ௧ܰ,௠ denotes the total number of samples for month ݉ at forecast lead 833 

time ݐ ; the weight ̃ݓ௜,௧,௠  was assigned as ݓext  when | ௜ܶ,௧| > ߬ , and as ݓnon  otherwise. 834 

When calculating the weighted RMSE across different forecast lead times, we first computed 835 

the weighted RMSE for each calendar month individually, followed by averaging these monthly 836 

values to derive the final result for each lead time. In this study, extremes were defined using a 837 

fixed threshold ߬, with ߬ = 1.0∘C for the Niño3.4 index. This threshold is commonly adopted 838 

to distinguish moderate and stronger ENSO events, thereby ensuring that a broader range of 839 

extreme cases is captured. We set ݓext = 3.0 and ݓnon = 1.0, meaning that extreme samples 840 

were given three times the weight of non-extreme samples (while normalization of the weights 841 

ensured comparability across metrics). To assess the sensitivity of the results to the weighting 842 

design, this study further compared the weighted RMSE under three weighting schemes, with 843 ݓext = 2 , 3, and 5 (Fig. S15). Persistence and MME were also included as reference 844 

benchmarks. Here, persistence is defined as a forecast in which, for each sample, the Niño3.4 845 

index at the initialization time is held constant for all subsequent lead times. The MME is 846 



defined as the equally weighted mean of forecasts from the seven NMME member models. The 847 

results show that, although different weighting schemes alter the absolute values of weighted 848 

RMSE for each model, they do not change the primary relative relationships among the models. 849 

This indicates that the main conclusions regarding differences in model performance are not 850 

contingent on a single choice of weight, but are instead robust across a range of weighting 851 

settings. 852 

The conditional RMSE isolates forecast errors during strong ENSO phases, avoiding the 853 

dilution effect from neutral phases and better reflecting skill in predicting extremes82, whereas 854 

the weighted RMSE aligns forecast verification with the research focus on extremes and 855 

mitigates the tendency of RMSE to be dominated by high-variance non-extreme samples83. 856 

Using both jointly enables a more comprehensive evaluation of ENSO forecast skill and a 857 

clearer identification of strengths and weaknesses in model improvements. 858 

To assess the statistical significance of forecast skill differences among different forecasting 859 

schemes, this study applied a bootstrap resampling approach to test the significance of ACC, 860 

RMSE, conditional RMSE, and weighted RMSE. The significance assessment was conducted 861 

against three types of reference benchmarks: (i) the random forecast benchmark; (ii) the 862 

persistence benchmark; and (iii) the MME benchmark. For ACC, an improvement in skill was 863 

regarded as statistically significant only when the model ACC was significantly higher than that 864 

of the corresponding benchmark. For RMSE, conditional RMSE, and weighted RMSE, model 865 

performance was considered superior only when the corresponding error metric was 866 

significantly lower than that of the reference benchmark. The random forecast benchmark was 867 

not constructed by generating arbitrary random number sequences. Instead, for each forecast 868 

lead time and initialization month, the observed Niño3.4 index series was randomly permuted, 869 

thereby preserving the marginal distribution characteristics of the samples for that specific 870 

month and lead time while disrupting the correspondence between the predictions and the 871 

observations. 872 

To quantitatively evaluate forecasting effectiveness, three evaluation indexes were employed: 873 

(i) Hit Rate (Sensitivity or Recall, HR), defined as the ratio of hits to the sum of hits and misses 874 

(Equation 6). (ii) False Alarm Ratio (FAR), defined as the ratio of false alarms to the sum of 875 

hits plus false alarms (Equation 7). (iii) Critical Success Index (CSI), defined as the ratio of hits 876 



to the sum of hits, misses, and false alarms84 (Equation 8). The thresholds for identifying ENSO 877 

events in this study were set as ±0.585. 878 ܴܪ = ݐⅇ݃ݎܽݐ−ݏⅈ−ݐⅇ݃ݎܽݐݐⅇ݃ݎܽݐ−ݏⅈ−ݐⅇ݃ݎܽݐ + ݐⅇ݃ݎܽݐ݊݋݊−ݏⅈ−ݐⅇ݃ݎܽݐ (6) 879 

ܴܣܨ = ݐⅇ݃ݎܽݐ−ݏⅈ−ݐⅇ݃ݎܽݐݐⅇ݃ݎܽݐ−ݏⅈ−ݐⅇ݃ݎܽݐ݊݋݊ + ݐⅇ݃ݎܽݐ−ݏⅈ−ݐⅇ݃ݎܽݐ݊݋݊ (7) 880 

ܫܵܥ = ݐⅇ݃ݎܽݐ−ݏⅈ−ݐⅇ݃ݎܽݐݐⅇ݃ݎܽݐ−ݏⅈ−ݐⅇ݃ݎܽݐ + ݐⅇ݃ݎܽݐ݊݋݊−ݏⅈ−ݐⅇ݃ݎܽݐ + ݐⅇ݃ݎܽݐ−ݏⅈ−ݐⅇ݃ݎܽݐ݊݋݊ (8) 881 

4.5. Seasonal growth rate of forecast error 882 

The Spring Predictability Barrier (SPB) phenomenon during the growing and decaying periods 883 

of forecasted El Niño and La Niña events was investigated using the seasonal growth rate (SGR) 884 

of forecast errors. For a target month ݐ, the forecast error (ݐ)ܧ was defined as the difference 885 

between the model’s forecast value ܨ௧ and the observed value ௧ܶ, expressed as follows: 886 (ݐ)ܧ = ௧ܨ)√ − ௧ܶ)2 (9) 887 

The error growth rate for the target month ݐ  was calculated as the difference between the 888 

forecast error in month ݐ + 1 and that in month ݐ. The calendar year was divided into four 889 

seasons: JFM (January–February–March), AMJ (April–May–June), JAS (July–August–890 

September), and OND (October–November–December). The seasonal growth rate of forecast 891 

errors ݇̅ was defined as the average of the monthly error growth rates within each season. The 892 

SPB phenomenon was considered to occur if the maximum seasonal error growth rate ݇̅௠௔௫ 893 

occurred in either the AMJ or JAS season86,87. Following the definition proposed by Duan and 894 

Wei87, the growing period of an El Niño (La Niña) event was delineated as the period from the 895 

first month when the Niño3.4 index exceeded -0.5° (fell below 0.5°) to the month when the 896 

index reached its peak. The decaying period was defined as the period from the peak month to 897 

the first month when the Niño3.4 index dropped below -0.5° (rose above 0.5°). 898 

4.6. Integrated Gradients for physical precursor identification 899 

IG is an explainable AI technique that quantifies feature importance. The attribution values are 900 

calculated as follows: 901 

(ݔ)௜ݏ݀ܽݎܩⅇ݀ݐܽݎⅇ݃ݐ݊ܫ = ௜ݔ) − (′௜ݔ × ∑ ܨ߲ ′ݔ) + ݇݉ × ݔ) − ௜௠௞=1ݔ߲((′ݔ × 1݉ (10) 902 

where ݉ is the number of steps in the Riemann approximation of the integral; ⅈ is the index 903 

of the input pixels to the model; ݔ′ is the baseline chosen for comparing the results in this study, 904 



which is set to be the same zero vector as the shape of the model inputs; ݐ݊ܫⅇ݃ݐܽݎⅇ݀ݏ݀ܽݎܩ௜(ݔ) 905 

is the calculated attribution value. The magnitude of attribution values can indicate which areas 906 

are sensitive and have a significant impact on the predictive ability of the Niño3.4 index. 907 
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