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17 ABSTRACT

18 The Indian Ocean Dipole (IOD) is a dominant interannual variability mode in the Indian 

19 Ocean, significantly influencing global weather, climate and society. Despite extensive research, 

20 current numerical models and surface-based deep learning models are limited in their ability to 

21 predict IOD events beyond five to seven months. To address this gap, we introduce a novel Multi-
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22 dimensional Air–Sea Coupled Deep Learning Model (MAS-Net), which integrates three-

23 dimensional multivariable data to deliver accurate predictions of the ocean field and the Dipole 

24 Mode Index (DMI) up to eight months in advance. Sensitivity and interpretability analyses reveal 

25 that subsurface temperature anomalies are critical in improving IOD prediction skill. By 

26 integrating subsurface dynamics into a deep learning framework this work hence significantly 

27 advances understanding of IOD predictability and provides a robust tool for both operational 

28 forecasting and scientific exploration of the IOD. The MAS-Net framework sets a new standard 

29 for predictive modelling, offering a versatile approach that can be extended to other climate 

30 phenomena.

31 Key words: Indian Ocean Dipole; Climate prediction; Deep learning; Subsurface temperature; 

32 Predictability analysis
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34 Article Highlights:

35  The MAS-Net is constructed with three-dimensional multivariable data, and the IOD 

36 prediction skill is extended to 8 months.

37  Sensitivity analyses with MAS-Net reveal that subsurface temperature anomalies play a 

38 pivotal role in predicting IOD.

39  The three-dimensional sensitive regions for IOD prediction are identified and explained by 

40 ocean dynamic processes.

41
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42 1. Introduction

43 The Indian Ocean Dipole (IOD), a dominant interannual variability mode in the Indian Ocean, 

44 is characterized by a distinct dipole pattern of sea surface temperature anomalies (SSTAs) between 

45 the western and eastern regions (Saji et al., 1999; Schott et al., 2009; Webster et al., 1999). 

46 Typically, the IOD begins during the boreal summer, peaks in the fall, and declines through the 

47 winter, exhibiting a pronounced seasonal phase lock (Saji et al., 2006; Saji et al., 1999). The 

48 occurrence of an IOD event can cause extreme weather events, including droughts, floods, and 

49 wildfires in adjacent regions (Behera et al., 2005; Meyers et al., 2007), and it also affects areas 

50 beyond the Indian Ocean through atmospheric teleconnections (Doi et al., 2020a; Nuncio et al., 

51 2015). Given the backdrop of global warming, the frequency and intensity of these impacts may 

52 intensify (Ng et al., 2015). Therefore, there is an urgent need to elucidate IOD physical and 

53 dynamical mechanisms and to investigate its predictability.

54 In recent decades, substantial progress has been made in the understanding of the IOD.  The 

55 development of the IOD is primarily affected by a positive Bjerknes feedback (Bjerknes, 1969; 

56 Hu and Wu, 2025; Xie et al., 1994; Yang et al., 2020), where equatorial zonal wind anomalies 

57 modify the thermocline slope, which in turn reinforces the zonal SST gradient and wind anomalies 

58 (Li et al., 2003; Rao et al., 2009; Zhang et al., 2022). Furthermore, other internal processes, such 

59 as the wind-evaporation-SST feedback (Xie et al., 1994) and the cloud-radiation-SST feedback (Li 

60 et al., 2003; Terray et al., 2005), along with external forcings, including the El Niño-Southern 

61 Oscillation (ENSO; An, 2004; Cai et al., 2019; Terray et al., 2005; Vecchi et al., 2015), the tropical 

62 Atlantic variability (Wang et al., 2009), the Indonesian Throughflow (Tozuka et al., 2007), and 

63 stochastic noise (Stuecker et al., 2017), also play a pivotal role in IOD development. These detailed 

64 understandings of the underlying mechanisms and have facilitated advancements in numerical 
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65 simulation (Yao et al., 2016) and extended the IOD prediction skill to approximately five months 

66 (Alves et al., 2012; Doi et al., 2020b; Liu et al., 2017). Nevertheless, longer-term prediction of 

67 IOD remains a challenge due to the relatively short period of time for which observations are 

68 available (Sprintall et al., 2024) and the inaccuracy of the representation of subsurface ocean 

69 processes and in numerical models (Chowdary et al., 2016).

70 Artificial intelligence (AI), particularly deep learning (DL) models, has made significant 

71 strides in the field of Earth sciences, demonstrating the predictive performance for high-impact 

72 air-sea events that is comparable to, or even surpasses, that of dynamical forecast systems (Bi et 

73 al., 2023; Ham et al., 2019; Kochkov et al., 2024; Qin et al., 2022; Shin et al., 2024; Yang et al., 

74 2023; Zhang et al., 2024; Zhou et al., 2023; Liu et al., 2025). The predictive skill of IOD has also 

75 been extended by using DL models (Feng et al., 2022; Ling et al., 2022; Liu et al., 2021; Qin et 

76 al., 2022; Tao et al., 2024). However, most of these models rely on a "surface-to-point" approach, 

77 which maps the two-dimensional data to directly output the Dipole Mode Index (DMI). This 

78 approach has two key shortcomings: 1) neglecting the three-dimensional ocean thermal structure 

79 may cause models to overlook critical subsurface dynamical processes that are essential for IOD 

80 development (Bjerknes, 1969; Xie et al., 1994), which constrains  the predictive accuracy of IOD 

81 and investigation of different sources of predictability; 2) the "surface-to-point" DL models only 

82 output the DMI, whereas similar DMI amplitudes may correspond to different spatial distributions 

83 of SSTA (see Fig. 1), making it difficult to assess the weather and climate effects of SSTA 

84 associated with the IOD (Endo and Tozuka, 2016; Zhang et al., 2020; Chen et al., 2024). These 

85 limitations may hinder the exploration of specific physical mechanisms influencing IOD 

86 predictions in DL models, ultimately restricting the model interpretability.

87
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88

89 Fig. 1. Sea surface temperature anomalies (SSTAs) and DMI at different years in the Indo-Pacific 

90 region, based on GODAS data. Panels show SSTA during 2003 (a), 2015 (b), 2008 (c), 2012 (d), 

91 2006 (e), and 2007 (f) SON. The blue boxes indicate the regions used to calculate the DMI (western 

92 pole: 10°S–10°N, 50°–70°E; eastern pole: 10°S–0°, 90°–110°E). While the DMI during these 

93 periods are relatively close, the spatial distribution of SSTA shows significant differences, 

94 suggesting that despite similar DMI amplitudes, distinct ocean states may lead to varying global 

95 impacts. 

96

97 To address these challenges, this study aims to develop a novel DL-based IOD forecast 

98 system that leverages advanced deep learning techniques and integrates three-dimensional oceanic 

99 and atmospheric observables from diverse climate simulations and reanalysis datasets. By 
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100 introducing three-dimensional oceanic data, the effective forecast lead time has been improved to 

101 eight months, outperforming current dynamical and DL models. We further employ the sensitivity 

102 and interpretability analyses to clarify the specific physical processes that influence IOD 

103 predictions, providing deeper insights into the dynamics of IOD. Evidently, this study not only 

104 advances predictive skill but also offers new insights into the physical mechanisms underlying 

105 IOD, providing a significant contribution to the field of climate prediction.

106 2. Materials and methods

107 2.1 Climate simulations and reanalysis dataset

108 The data used to train Multi-dimensional Air–Sea Coupled Deep Learning Model (MAS-Net) 

109 includes three-dimensional ocean temperature anomalies, sea surface height anomalies (SSHA), 

110 and wind stress anomalies derived from climate simulations and reanalysis data. We utilize 19 sets 

111 of CMIP6 historical simulation datasets (Eyring et al., 2016) from 1850 to 1992 (see Table S1), 

112 with a total of 32,604 sample (19 members × 143 years × 12 months) to enable the DL model to 

113 learn the underlying physical process. Since CMIP6 dataset provides only 10 m wind speed data, 

114 the wind stress 𝜏 is calculated using the following formula:

115 𝜏 = 𝜌𝐶𝑑|𝑉|𝑉(1)

116 where 𝜌 =  1.225 𝑘𝑔/𝑚3 is the air density and 𝑉 is the 10-m wind speed components, respectively. 

117 The drag coefficient 𝐶𝑑 equals 0.0012 when |𝑈| < 11 m/s and 0.001 × (0.49+0.065|𝑈|) when |𝑈|

118 ≥ 11 m/s.

119 This study also employs three-dimensional ocean temperature, SSHA and wind stress 

120 anomalies data from the SODA reanalysis data (Carton et al., 2008) with the period from 1871 to 

121 1982, as well as from the GODAS reanalysis data (Saha et al., 2010) for 1983 to 2023. All datasets 
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122 are interpolated to a horizontal spatial resolution of 1° × 1° (covering the region from 24°E to 

123 96°W and 52°S to 28°N) and at corresponding depths (5, 15, 35, 65, 95, 125, and 155 m), resulting 

124 in the dimension of 10 × 40 × 120, where the numbers represent the number of variables, latitude, 

125 and longitude grid points, respectively. Anomalies are calculated by subtracting the monthly 

126 climatological data from 1980 to 2010. Furthermore, each variable at each grid point is 

127 standardized using the mean and standard deviation calculated from the training set before 

128 inputting into the model.

129 2.2 NMME hindcasts data

130 Monthly sea surface temperature (SST) outputs from six dynamic forecast systems derived 

131 from the North American Multi-Model Ensemble (NMME) (Kirtman et al., 2014) and their mean 

132 (NMME-M) are utilized to evaluate the predictive performance of MAS-Net. The ensemble size 

133 for each forecast systems range from 10 to 13 members (Table S3). Anomalies are calculated by 

134 subtracting the monthly climatological data from 1980 to 2010.

135 2.3 MAS-Net model 

136 The MAS-Net model is built upon the SimVP framework (Gao et al., 2022), which ensures 

137 reliable convergence and high computational efficiency, thereby reducing training time and 

138 memory usage relative to more complex models while maintaining predictive performance (Cao 

139 et al., 2024). The model consists of five layers: the input layer, encoder layer, translator layer, 

140 decoder layer, and output layer. The encoder layer consists of multiple convolutional layers that 

141 extract spatial features from the input data. The translator layer employs U-shape convolutional 

142 layers to capture temporal features, while the decoder layer consists of multiple transposed 

143 convolutional layers and integrates spatial and temporal features to reconstruct the ocean fields. 
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144 Residual connections are added between the encoder and decoder layers to mitigate the gradient 

145 vanishing problem (Fig. 2). 

146

147 Fig. 2. The structure of MAS-Net. MAS-Net consists of five components: the input layer, encoder 

148 layer, translator layer, decoder layer, and output layer. MAS-Net integrates upper ocean 

149 temperature anomalies (at depths of 5, 15, 35, 65, 95, 125, and 155 m), SSHA, and wind stress 

150 anomalies for the three months, along with time encoding, as inputs to predict air-sea 

151 environmental fields for the target month. The encoder layer includes multiple serial convolutional 

152 layers that extract key spatial features from the input data. The translator layer uses U-shaped 

153 convolutional layers to capture temporal features, while the decoder layer, composed of multiple 

154 transposed convolutional layers, integrates spatial and temporal features to reconstruct the air-sea 

155 environmental fields. Residual connections are incorporated between the encoder and decoder 

156 layers to prevent the gradient vanishing problem.

157

158 The upper ocean temperature anomalies, SSHA, and wind stress anomalies for the three 

159 months are input to predict the three-dimensional ocean fields at target months, after which the 

160 DMI is computed according to its physical definition. To enhance the model's learning of the 

161 spatiotemporal dependencies between the input and target months, MAS-Net also incorporates 
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162 temporal embedding based on the lead time. To effectively predict DMI and air-sea environmental 

163 fields, the loss function is as follows:

164 𝐿oss =  1
𝑀×𝑁×𝐶

∑𝑀
𝑖=1 ∑𝑁

𝑗=1 ∑𝐶
𝑘=1 𝑦 ― 𝑦

2
+ 𝑦𝑑𝑚𝑖 ― 𝑦𝑑𝑚𝑖

2
(2) 

165 where 𝑦 and 𝑦 represent the predicted and observed ocean fields, while 𝑦𝑑𝑚𝑖 and 𝑦𝑑𝑚𝑖 denote the 

166 predicted and observed DMI calculated from ocean temperature at depth of 5 m. The 𝑀, 𝑁, and 𝐶 

167 denote the number of latitudinal grid points, longitudinal grid points, and variables, respectively, 

168 which are 40, 120, and 10. The MAS-Net employs the Adaptive Moment Estimation (Adam) 

169 optimization algorithm, with an initial learning rate set at 0.0001, which is updated using a cosine 

170 annealing strategy. To improve IOD prediction skill, this study trains separate models for different 

171 calendar months and target months. Six ensemble members are generated through different random 

172 initial weights, and the ensemble mean is taken as the model output. Subsequently, the bias 

173 correction model is fitted to the GODAS-based validation dataset to remove biases in the ensemble 

174 mean forecast and is then independently evaluated on the testing dataset (Zhong et al., 2023). The 

175 bias correction for each variable at each grid point is formulated as follows:

176 𝑦𝑏𝑐 = 𝑤𝑦(3) 

177 where 𝑦 and 𝑦𝑏𝑐 denote the uncorrected and bias-corrected time series in the validation set, 

178 respectively, and 𝑤 represents the coefficient estimated using the least-squares method to 

179 minimize the discrepancy between 𝑤𝑦 and the observed 𝑦. The model excludes an intercept term, 

180 as the bias correction aims solely to adjust forecast amplitude while avoiding overcorrection.

181 When the DMI mapping method is used for model training, the SSTA output from the 

182 penultimate layer is further mapped to the DMI through a multilayer perceptron, which serves as 

183 the final model output. The optimization process simultaneously minimizes the prediction errors 

184 of both the SSTA and DMI, the loss function is as follows:

in 
pre

ss



10

185 𝐿oss =  1
𝑀×𝑁

∑𝑀
𝑖=1 ∑𝑁

𝑗=1 𝑦𝑠𝑠𝑡𝑎 ― 𝑦𝑠𝑠𝑡𝑎
2

+ 𝑦𝑑𝑚𝑖 ― 𝑦𝑑𝑚𝑖
2

(4) 

186 where 𝑦𝑠𝑠𝑡𝑎 and 𝑦𝑠𝑠𝑡𝑎 represent the predicted and observed SSTA, 𝑦𝑑𝑚𝑖 and 𝑦𝑑𝑚𝑖 denote the 

187 predicted and observed DMI calculated from sea temperature at depth of 5 m. 

188 2.4 Occlusion sensitivity analysis method

189 The occlusion sensitivity analysis method (Ham et al., 2023) is employed to quantify the 

190 sensitivity of each grid point in relation to IOD predictions. Specifically, for each grid point, we 

191 assess the impact of removing a 7×7 grid of information centered around it on the prediction. The 

192 occlusion sensitivity 𝑂(𝑡,𝑐,𝑤,ℎ)is a four-dimensional tensor that encompasses time (𝑡), variable 

193 (𝑐), longitude (𝑤), and latitude (ℎ). Its calculation formula is as follows:

194 𝑂(𝑡,𝑐,𝑤,ℎ) = |𝑀(𝑋𝑖𝑛) ― 𝑀(𝑋𝑖𝑛 ∗ 𝑍7)|(5)

195 where 𝑀(𝑋𝑖𝑛) denotes the predicted DMI from MAS-Net obtained from the input data 𝑋𝑖𝑛. The 

196 ∗  signifies the horizontal convolution operator, while 𝑍7 indicates that the values of the 7×7 grid 

197 points are zero.

198 3. Results

199 3.1 Evaluating the predictive skill of MAS-Net

200 This study develops a Multi-dimensional Air–Sea couple DL model, named MAS-Net, based 

201 on multi-layer convolutional neural networks with an encoder-decoder architecture (Gao et al., 

202 2022), to effectively extract complex air-sea dynamic features and predict IOD events (see Fig. 2). 

203 Recognizing that the IOD is not an isolated air-sea interaction event within the Indian Ocean and 

204 may also be influenced by tropical Pacific Ocean temperature, we set the model domain as the 

205 tropical Indo-Pacific region (24°E–96°W, 52°S–28°N). Simultaneously, to consider the role of 
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206 subsurface information in the IOD prediction, the historical three-month upper ocean temperature 

207 anomalies at the depths of 5, 15, 35, 65, 95, 125, and 155 m, as well as sea surface height anomalies 

208 (SSHA) and wind stress anomalies, are input into MAS-Net for training. Due to the limited 

209 availability of monthly reanalysis data, the training process is divided into two stages. In the initial 

210 stage, the model parameters are pre-trained using 19 sets of the Coupled Model Intercomparison 

211 Project Phase 6 (CMIP6) historical simulations datasets (see Table S1). Subsequently, the model 

212 is fine-tuned with Simple Ocean Data Assimilation (SODA) reanalysis datasets. Finally, the 

213 predictive skill of MAS-Net is evaluated using Global Ocean Data Assimilation System (GODAS) 

214 datasets from 1993 to 2023 (see Table S2 for details on the data splitting strategy).

215 The spatial distribution of correlation coefficients between the predicted air-sea fields from 

216 MAS-Net and observation data demonstrate good predictive capabilities in the Indo-Pacific region, 

217 especially in the equatorial area (Fig. 3), with the majority of grid points exceeding the correlation 

218 coefficient of 0.5 up to 7-month lead forecasts. Figure 4 shows a comparison of prediction 

219 performance between MAS-Net and six dynamical forecast systems (Table S3) from the North 

220 American Multi-Model Ensemble project (NMME) and their ensemble mean (NMME-M) in 

221 predicting the DMI. The latter is defined as the SSTA difference between the tropical western 

222 Indian Ocean (10°S–10°N, 50°–70°E) and the southeastern Indian Ocean (10°S–0°, 90°–110°E). 

223 With a correlation coefficient threshold of 0.5 for effective prediction, MAS-Net achieves skillful 

224 DMI forecasts for all calendar months at lead times of up to eight months (black lines in Figs. 

225 4a,b). In contrast, state-of-the-art dynamical forecast systems exhibit useful skill only up to four 

226 to five months (red line for NMME-M; other colored lines for different ensemble systems), and 

227 the persistence model is limited to lead times of only two months. In addition, for the September-

228 October-November (SON) DMI, MAS-Net maintains its 8-month prediction lead time (Fig. 5). 
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229 Notably, as lead times exceed four months, the advantages of MAS-Net over dynamic forecast 

230 systems become increasingly pronounced. This indicates that MAS-Net achieves a predictive skill 

231 comparable to the state-of-the-art models (Ling et al., 2022; Liu et al., 2021; Ratnam et al., 2025). 

232

233

234 Fig. 3. Spatial distribution of correlation coefficients by MAS-Net at lead times of 3, 5, and 7 

235 months for SSTA (a-c), SSHA (d-f), 𝜏𝑥 (g-i), 𝜏𝑦 (j-l), and ocean temperature anomalies in the 

236 zonal–depth sections between 10°S and 10°N (m-o). The contour line denotes a correlation 

237 coefficient of 0.5.
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238

239 Fig. 4. Predictive skill of MAS-Net in forecasting IOD. (a) Correlation coefficients and (b) Root 

240 Mean Square Error (RMSE) of the DMI for all months at different lead times, based on MAS-Net 

241 (black lines) and six dynamical forecast systems from the North American Multi-Model Ensemble 

242 and their ensemble mean (NMME-M). MAS-Net is validated from 1993 to 2023, while NMME 

243 are validated from 1993 to 2018. Testing MAS-Net over the same period as NMME-M (1993–

244 2018) yields very similar predictive performance, so these results are not shown. The red dashed 

245 line corresponds to a correlation coefficient of 0.5. The green lines represent the prediction skills 

246 of the persistence model. (c-f) Correlation coefficients and RMSE for different initial months and 

247 target months, based on MAS-Net and NMME-M. (g) Observation and predicted annual average 

248 DMI based on MAS-Net at lead times of 1, 3, 5, and 7 months. Red dots represent the RMSE 

249 between the predicted DMI and observation for each month of that year.
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250

251 Fig. 5. (a) Correlation coefficients and (b) Root Mean Square Error (RMSE) of the September-

252 October-November (SON) DMI for all months at different lead times, based on MAS-Net and 

253 NMME-M. MAS-Net is validated from 1993 to 2023, while NMME-M are validated from 1993 

254 to 2018. The difference in forecast skill between MAS-Net and NMME-M is statistically 

255 significant at the 90% confidence level, based on the bootstrap test. The green lines represent the 

256 prediction skills of the persistence model. The gray dashed line corresponds to a correlation 

257 coefficient of 0.5.

258

259 3.2 Comparison of Different DL Prediction Models

260 Currently, DL model for the IOD prediction are primarily based on the “surface-to-point” 

261 (Ling et al., 2022; Liu et al., 2021; Tao et al., 2024) and “surface-to-surface” (Wang et al., 2024) 

262 strategies: the former uses sea surface data to directly mapping DMI, and the latter uses the surface 

263 data to predict the surface data. In contrast, MAS-Net applies the “volume-to-volume” strategy, 

264 which uses three-dimensional data to predict three-dimensional data.  To compare the different DL 

265 prediction strategies, additional DL models have been developed. Firstly, using the “surface-to-

266 surface” strategy, the MAS-Netsurface is constructed, with a systematically lower predictive skill 
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267 than MAS-Net, showing an effective forecast lead time limited to 7 months (see black dotted lines 

268 in Figs. 6a,b). This highlights the importance of incorporating subsurface temperature data to 

269 enhance IOD prediction performance (Liu et al., 2022). Furthermore, we construct other two 

270 models using the “surface-to-point” and “volume-to-point” mapping DMI strategies (denoted as 

271 MAS-Netmap+surface and MAS-Netmap; output the SST map and DMI index). In terms of DMI 

272 forecast skill, MAS-Netmap (MAS-Netmap+surface) outperforms MAS-Net (MAS-Netsurface). 

273 However, when examining the SSTA distribution in the equatorial Indian Ocean output by MAS-

274 Net and MAS-Netmap, we find that the point mapping DMI strategies struggle to predict the SSTA 

275 evolution (Figs. 6c-g). Here, SSTA refers to the SSTA fed into the input perceptron layer. This 

276 suggests that when the DMI is predicted by point mapping models, it is difficult to capture specific 

277 physical processes, limiting the interpretability of the DL model results. We therefore select the 

278 MAS-Net to predict the IOD rather than the models based on the point mapping strategy, even 

279 though these have a higher DMI prediction skill.

280 3.3 Evaluating Multi-dimensional Prediction during Strong IOD Events

281 To further demonstrate the efficacy of MAS-Net, we assess the evolution of the predicted 

282 three-dimensional ocean state in the Indian Ocean during the 2019 strong positive IOD (pIOD) 

283 event. Figure 7a (light red shading) shows that the MAS-Net well predicts the variability of the 

284 DMI, although the predicted amplitude is slightly weaker than observations. More interestingly, 

285 the MAS-Net also accurately captures the evolution processes of the negative temperature 

286 anomalies in the eastern pole and the positive anomalies in the western pole, as well as the west-

287 deep, east-shallow thermocline structure in the equatorial region (Figs. 7c-h). A similar assessment 

288 is also done for the 2022 strong negative IOD (nIOD) event, which illustrates that the 
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289 developments of the sea temperature anomalies and thermocline are well predicted by the MAS-

290 Net (Figure 8). 

291

292 Fig. 6. Correlation coefficients (a) and root mean square error (b) of the DMI for all months at 

293 different lead times, based on different prediction approaches. Where MAS-Net and 

294 MAS-Netsurface are training with all data and only surface data (SSTA, SSHA, 𝜏𝑥, 𝜏𝑦), MAS-Netmap 

295 and MAS-Netmap+surface are using the “volume to point” and “surface to point” mapping DMI 

296 method. The results in (a–b) are statistically significant at the 90% confidence level, as determined 

297 by a bootstrap test. The green lines represent the prediction skills of the persistence model. The 

298 red dashed line marks a correlation coefficient of 0.5. (c-g) Evolution of SSTA along the equator 

299 (10°S-10°N) based on MAS-Net and MAS-Netmap at lead times of 3 and 7 months.
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300

301 Fig. 7. Evaluation of the IOD prediction. (a-b) Observations (black lines) and prediction DMI for 

302 the next 8-month when initial in Dec, Mar, Jun, and Sep, based on MAS-Net (orange lines) and 

303 NMME-M (red lines). The light red and blue shading indicates the extreme IOD events in 2019 

304 and 2022. (c-h) Observed and predicted sea temperature anomalies at lead times of 1, 3, and 5 

305 months, based on MAS-Net. The zonal section represents mean temperature anomalies across the 

306 equator region (10°S–10°N; contours denote temperature). The black boxes indicate the regions 

307 used to calculate the DMI (western pole region: 10°S–10°N, 50°–70°E; eastern pole region: 10°S–

308 0°, 90°–110°E).
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309

310 Fig. 8. Observed and predicted sea temperature anomalies for 2022 nIOD events at lead times of 

311 1, 3, and 5 months, based on MAS-Net. The zonal section represents mean temperature anomalies 

312 across the equator region (10°S–10°N; contours denote temperature). 

313

314 3.4 Subsurface temperature anomalies influence the intensity of predicted IOD

315 To further identify the key factors influencing IOD forecasts, MAS-Net is used to conduct an 

316 input variable sensitivity experiment for the target months of SON (hereafter referred to as the 

317 target months). To quantify the contribution of a specific variable, we set its value to zero at all 

318 grid points while keeping the other variables unchanged. A perturbed forecast is then generated 

319 from this modified input, and the contribution of that variable is subsequently quantified by the 

320 standardized difference between this perturbed forecast and the unperturbed control forecast. Here, 

321 we mainly focus on the strong IOD events, which are defined as when the absolute value of the 

322 DMI exceeds one standard deviation for five consecutive months. In total, five pIOD events (1994, 

323 1997, 2006, 2015, 2019) and five nIOD events (1996, 1998, 2010, 2016, 2022) are identified. For 
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324 pIOD and nIOD events (Fig. 9a), the contributions of SSTA are 20.4% and 11.9%, respectively. 

325 However, subsurface temperature anomalies play an even more important role, especially at 35 m, 

326 where they account for 23.4% for pIOD events and 21.0% for nIOD events.

327

328  

329 Fig. 9. The key factor of IOD prediction. (a) Contribution of different variables to the predictions 

330 of positive and negative IOD events across all lead times. (b-c) Predicted annual average DMI by 

331 MAS-Net for positive and negative IOD events, with subsurface sea temperature anomalies at 

332 depths of 15, 35, 65, 95, 125, and 155 m multiplied by coefficients 𝛼 of 0 (gray dots), 0.5 (blue 

333 dots), 1 (black dots), and 2 (red dots). Here, 𝛼 = 1 indicates no change to the temperature anomalies. 

334 (d-i) Predicted sea temperature anomalies for the 2019 pIOD event by MAS-Net, with 𝛼 values 

335 from 0 to 2.
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336 We also conduct sensitivity experiments by changing amplitudes of the subsurface 

337 temperature anomalies in the MAS-Net input data to predict IOD events for the target months. In 

338 particular, the subsurface sea temperature anomalies (at depths of 15, 35, 65, 95, 125, and 155 m, 

339 excluding 5 m) are multiplied by four coefficients (𝛼 = 0, 0.5, 1.0, 2.0), and then re-predicted for 

340 positive and negative IOD events, where 𝛼 = 1.0 corresponds to the control prediction. As 

341 illustrated in Figs. 9b,c, an increase in the amplitude of subsurface temperature (from 𝛼 = 0 to 2.0) 

342 is accompanied by an enhancement (weakened) in the mean value of the predicted DMI for 

343 positive (negative) IOD events. This reflects a robust correlation between subsurface temperature 

344 anomalies and the intensity of IOD events, whereby increased subsurface  temperature anomalies 

345 may contribute to more strong IOD events (Sun et al., 2022).

346 Taking the 2019 pIOD event as an example, an increase in subsurface temperature anomaly 

347 magnitudes leads to stronger SSTA in the Indian Ocean. From the equatorial zonal section, it is 

348 found that as the lead time extends from one to five months, absence of subsurface temperature 

349 anomalies (𝛼 = 0) only causes a minimal SSTA development, failing to form a pIOD event. 

350 However, when 𝛼 = 0.5 and 2, development of sea temperature anomalies can lead to a pIOD 

351 event, with the latter showing broader and stronger temperature anomalies and more pronounced 

352 inclined isotherms (Figs. 9d-i). Similar sensitivity experiments were conducted for the strong 

353 nIOD event in 2022, which show that stronger subsurface temperature anomalies also lead to more 

354 intense nIOD events (Fig. 10). This result was consistent with previous findings, which suggested 

355 that incorporating subsurface ocean observations into dynamical prediction systems could enhance 

356 the forecast skill of the IOD (Doi et al., 2017).
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357

358 Fig. 10. Predicted sea temperature anomalies for the 2022 nIOD event by MAS-Net, with 𝛼 values 

359 from 0 to 2.

360

361 3.5 Key regions for IOD forecast and physical interpretability

362 The occlusion sensitivity and interpretability analysis method (Ham et al., 2023) is utilized to 

363 investigate the key regions of temperature anomalies influencing IOD predictions, in which the 

364 surrounding 7×7 grid points of each temperature anomaly variable are set to zero, and the predicted 

365 DMI of MAS-Net is compared to the control prediction. Their difference is defined as the 

366 sensitivity of this grid point: a larger value means more sensitive. For pIOD events (Figs. 11a,c), 

367 the result indicates that at a lead time of 3 months, the sensitivity regions for sea temperature 

368 anomalies are primarily concentrated in the upper (5–65 m) tropical Indian Ocean, especially in 

369 the tropical eastern Indian Ocean at depth of 15m, suggesting that the sea temperature anomalies 

370 in these regions play key roles in the prediction of pIOD events 3 months in advance.
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371

372 Fig. 11. Sensitivity regions for predicting pIOD events. (a-d) Sensitivity areas of ocean 

373 temperature anomalies for predicting five pIOD events (1994, 1997, 2006, 2015, 2019) at lead 

374 times of 3 and 8 months. The meridional temperature anomaly indicates that the zonal depth 

375 sections on the equator. (e-f) Composite temperature anomalies at lead times of 3 months 

376 (initialized in June, July, and August) and 8 months (initialized in January, February, and March) 

377 that forecast the September–October–November (SON) DMI. The dotted areas denote regions that 

378 are statistically significant at the 90% confidence level. The vertical gray dashed lines, from left 

379 to right, correspond to 50°E, 70°E, 90°E, and 110°E.

380

381 To evaluate the impact of the different sensitive regions on pIOD prediction, we remove the 

382 input subsurface temperature anomalies in the areas with occlusion sensitivity exceeding 1.0 and 

383 re-forecast the events at a 3-month lead. The MAS-Net predictions are then compared to the 

384 corresponding control predictions and their difference (former minus latter) are shown in Figs. 
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385 12a-c. From September to November, the positive SSTA in the eastern pole region gradually 

386 intensifies, while the negative one enhances in the western pole region, implying that the absence 

387 of sensitive region information impedes the development of pIOD events. Further analysis of the 

388 initial input data (the summer temperature anomaly of five pIOD years; Fig. 11e) reveals that the 

389 isotherms exhibit west-deep, east-shallow structure and the negative temperature anomaly exists 

390 in the most sensitive region. This means that in the sensitivity experiments, setting the sensitive 

391 region to zero will lead to an increase in temperature in the subsurface eastern Indian Ocean, which 

392 enhances the upwelling of warmer waters to the surface and thereby inhibits the formation of the 

393 pIOD event (Deshpande et al., 2014; Gnanaseelan et al., 2024; Nakazato et al., 2021; Zhang et al., 

394 2022). 

395

396 Fig. 12. The influence of occlusion-sensitive regions for pIOD prediction. The difference between 

397 the SSTA predicted by MAS-Net with sensitive regions occluded and the control predictions for 

398 five pIOD events at lead times of 3 months (a-c) and 8 months (d-f). For lead time of 3 and 8 

399 months, MAS-Net is initialized in June–August and January–March, respectively.
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400 Considering that MAS-Net can improve the prediction skill for IOD events up to 8 months, 

401 we therefore apply the occlusion sensitivity method to recognize the sensitive regions for sea 

402 temperature anomalies when predicting five pIOD events at lead time of 8 months (Figs. 11b,d). 

403 It is found that the sensitive region shifts to a deeper depth, particularly at 35 m in the western 

404 equatorial Indian Ocean. Similarly, the input temperature anomalies in these relatively sensitive 

405 regions are removed and the five pIOD events are re-predicted 8 months in advance. In Figs. 12d-

406 f, similar to the situation at the 3-month lead time, the pronounced positive anomalies exist in the 

407 eastern equatorial pole region, while the western pole exhibits the opposite pattern. As shown in 

408 Figure 11f, the initial input data exhibit a west-shallow, east-deep isotherm structure. In this 

409 situation, setting the sensitive region to zero will cause the inclined structure of isotherms to 

410 become weak and in turn weaken the eastward-propagating ocean waves, which hinders the 

411 transition to negative SSTA in the eastern Indian Ocean, and ultimately limits the formation of 

412 pIOD events (Feng et al., 2003; Rao et al., 2002; Zhang et al., 2022).

413 The same experiments are performed for nIOD events, and the results show that the sensitive 

414 regions identified through the occlusion sensitivity method are primarily concentrated in the 

415 subsurface (Fig. 13). As shown in Fig. 14, removing the initial subsurface temperature anomalies 

416 in the relatively sensitive regions leads to substantially weaker predicted nIOD events compared 

417 with the control simulation. We note that the reduced negative SSTA over the eastern Indian Ocean 

418 in Fig. 14b differs slightly from other experiments, likely because the sensitivity analysis and the 

419 occlusion experiments are based on different model configurations. Nevertheless, this discrepancy 

420 does not affect our main conclusion that subsurface temperature anomalies in key regions can 

421 promote the development of nIOD events  (Fang et al., 2024; Huang et al., 2024; Lu et al., 2018). 
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422

423 Fig. 13. (a-d) Sensitivity areas of sea temperature anomalies for predicting five nIOD events (1996, 

424 1998, 2010, 2016, 2022) at lead times of 3 and 8 months. The meridional temperature anomaly 

425 indicates that the zonal depth sections on the equator. (e-f) Composite of temperature anomaly at 

426 lead times of 3 months (initialized in June, July, and August) and 8 months (initialized in January, 

427 February, and March) that forecast the September–October–November (SON) DMI. The dotted 

428 areas denote regions that are statistically significant at the 90% confidence level. The vertical gray 

429 dashed lines, from left to right, correspond to 50°E, 70°E, 90°E, and 110°E. 

430
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431

432 Fig. 14. The different between the SSTA predicted by MAS-Net with sensitive regions occluded 

433 and the control predictions for five nIOD events at lead times of 3 months (a-c) and 8 months (d-

434 f). For lead time of 3 and 8 months, MAS-Net is initialized in June–August and January–March, 

435 respectively.

436

437 4. Discussion and conclusion

438 By employing advanced deep learning algorithms, this study constructs a Multi-dimensional 

439 air–sea Coupled model (MAS-Net), which is able to extend the skillful prediction lead time for 

440 IOD events to eight months, outperforming the dynamic forecast systems and other available DL 

441 models. To the best of our knowledge, this is the first study to construct a DL model for IOD 

442 prediction that uses volume input data. The improvement in MAS-Net's predictions primarily 

443 stems from incorporating subsurface sea temperature anomaly information, which enables a more 

444 comprehensive representation of the three-dimensional oceanic dynamical evolution. Furthermore, 
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445 through the sensitivity experiments, the importance of subsurface temperature anomalies in 

446 predicting extreme IOD events is highlighted: such temperature anomalies influence the evolution 

447 and intensity of IOD events. Absence of subsurface input  data will hinder MAS-Net's ability to 

448 simulate essential physical processes, making it difficult to predict IOD events. However, this 

449 study also has limitations, as it does not explicitly examine the influence of ENSO on IOD 

450 prediction; this issue will be addressed in future work. In the further, this study not only introduces 

451 a novel framework for predictability research but also shows that DL models can be used in 

452 sensitivity experiments to identify key factors influencing prediction skill and improve our 

453 understanding of the underlying physical processes.
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619 Electronic Supplementary Material

620

621 Supplementary Materials for this paper include the following:

622 Tables S1 to S3

623

624 Table S1. List of CMIP6 historical simulations used for training MAS-Net. 

625

No. Model ID Model Group Member Period

1 ACCESS-CM2 Commonwealth Scientific and Industrial Research 
Organization

2 BCC-CSM2-MR
3 BCC-ESM1

Beijing Climate Center, China Meteorological 
Administration

4 CAMS-CSM1-0 Chinese Academy of Meteorological Sciences
5 CanESM5 Canadian Centre for Climate Modelling and Analysis
6 CAS-ESM2-0 Chinese Academy of Sciences
7 CMCC-CM2-SR5
8 CMCC-ESM2

Centro euro-Mediterraneo sui Cambiamenti Climatici

9 CNRM-CM6-1

10 CNRM-ESM2-1

Centre National de Recherches Météorologique/Centre 
Européen de Recherche et de Formation Avancée en 

Calcul Scientifique

11 EC-Earth3
12 EC-Earth3-CC

European Centre for Medium-Range Weather Forecasts

13 FGOALS-f3-L Chinese Academy of Sciences
14 GFDL-ESM4 NOAA Geophysical Fluid Dynamics Laboratory
15 GISS-E2-1-H NASA Goddard Institute for Space Studies

16 MIROC6

Japan Agency for Marine-Earth Science and 
Technology/Atmosphere and Ocean Research Institute, 

Japan/ National Institute for Environmental Studies, 
Japan/RIKEN Center for Computational Science, Japan

17 MRI-ESM2-0 Meteorological Research Institute, Japan
18 NESM3 Nanjing University of Information Science and Technology
19 NorCPM1 NorESM Climate modeling Consortium, Norway

r1i1p1f1 1850-1992
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626 Table S2. Partition of datasets at different stages

627 Table S3. List of the North American Multi-Model Ensemble forecast system used in this study.

628

629

630

No. Dataset Data Period

1 Pretraining dataset CMIP6 1860-1982
2 Pretesting dataset CMIP6 1983-1992
3 Training dataset SODA 1871-1982
4 Validation dataset GODAS 1983-1992
5 Testing dataset GODAS 1993-2023

No. Model Ensemble size Lead time Period

1 CanCM3 11
2 CanCM4 11
3 CCSM3 7
4 GFDL-aer04 11
5 GFDL-FLOR-A06 13
6 GFDL-FLOR-Bo1 13

8 1993-2018
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