
eprints@whiterose.ac.uk
https://eprints.whiterose.ac.uk

Universities of Leeds, Sheffield and York

Deposited via The University of Sheffield.

White Rose Research Online URL for this paper:
https://eprints.whiterose.ac.uk/id/eprint/238946/

Version: Accepted Version

Article:

Yao, M., Tang, H. and Huang, G. (2026) Anthropogenic warming and ocean variability 
exacerbated spring 2024 compound floods in Central Asia. Journal of Geophysical 
Research: Atmospheres, 131 (5). e2025JD045602. ISSN: 2169-897X 

https://doi.org/10.1029/2025jd045602

© 2026 The Authors. Except as otherwise noted, this author-accepted version of a journal 
article published in JGR Atmospheres is made available via the University of Sheffield 
Research Publications and Copyright Policy under the terms of the Creative Commons 
Attribution 4.0 International License (CC-BY 4.0), which permits unrestricted use, 
distribution and reproduction in any medium, provided the original work is properly cited. 
To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/

Reuse 

This article is distributed under the terms of the Creative Commons Attribution (CC BY) licence. This licence 
allows you to distribute, remix, tweak, and build upon the work, even commercially, as long as you credit the 
authors for the original work. More information and the full terms of the licence here: 
https://creativecommons.org/licenses/ 

Takedown 

If you consider content in White Rose Research Online to be in breach of UK law, please notify us by 
emailing eprints@whiterose.ac.uk including the URL of the record and the reason for the withdrawal request. 

mailto:eprints@whiterose.ac.uk
https://doi.org/10.1029/2025jd045602
https://eprints.whiterose.ac.uk/id/eprint/238946/
https://eprints.whiterose.ac.uk/


Confidential manuscript submitted to Journal of Geophysical Research: Atmospheres 

 

 1 

 2 

Anthropogenic Warming and Ocean Variability Exacerbated Spring 2024 3 

Compound Floods in Central Asia 4 

Mengyuan Yaoa,b, Haosu Tangc*, Gang Huanga,b* 5 

a
 Key Laboratory of Earth System Numerical Modeling and Application, Institute of Atmospheric Physics, Chinese Academy 6 

of Sciences, Beijing, China 7 

b
 University of Chinese Academy of Sciences, Beijing, China 8 

c
 School of Geography and Planning, University of Sheffield, Sheffield, UK 9 

Corresponding author: haosu.tang@sheffield.ac.uk and hg@mail.iap.ac.cn 10 

  11 



Confidential manuscript submitted to Journal of Geophysical Research: Atmospheres 

 

Key Points: 12 

• Spring 2024 saw the strongest compound flood in Northwestern Central Asia, with record-breaking 13 

precipitation and subsequent heatwave. 14 

• Current greenhouse gas-induced warming increased the likelihood of the 2024-like compound flood 15 

by eight times. 16 

• Cross-basin sea surface temperature anomalies contributed 31% to precipitation extremes and 68% 17 

to subsequent heatwaves. 18 

  19 
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Abstract 20 

In spring 2024, northwestern Central Asia experienced catastrophic floods that displaced more than 21 

100,000 people and caused severe socioeconomic disruption. This multi-peak compound disaster, marked 22 

by consecutive extreme precipitation and heatwaves, was the most devastating event since 1980. The 23 

March 3-day maximum precipitation (Rx3day) in 2024 exceeded its climatological mean by 24 

approximately threefold, while the April 7-day maximum temperature (Tx7day) exceeded the 25 

climatological average by 5.77 K. Using observations and climate model simulations, we show that 26 

anthropogenic warming increased the likelihood of 2024-like compound extremes, with greenhouse gases 27 

alone amplifying the risk by ~8-fold. Under a medium-emissions scenario (SSP2–4.5), this risk is 28 

projected to increase to more than 22-fold by the end of the twenty-first century. Sea surface temperature 29 

(SST) anomalies also play a critical role in shaping the consecutive rainfall and heat extreme event during 30 

2024. An emerging Atlantic SST tripole, characterized by mid-latitude cooling, together with basin-wide 31 

Indian Ocean warming, enhances Rx3day through the increased westerly moisture transport, whereas a 32 

decaying La Niña tendency persisting from preceding winter to April favors persistent high-pressure 33 

anomalies and enhanced Tx7day. Linear decomposition indicates that internal variability reconstructed 34 

via SST anomalies explains approximately 31% and 68% of the observed anomalies in Rx3day and 35 

Tx7day, respectively, while external forcing acts primarily to amplify these extremes. Our results further 36 

highlight the importance of local thermodynamic feedback under ongoing global warming, which should 37 

be explicitly accounted for in projections of future regional compound floods. 38 

 39 

  40 
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Plain Language Summary 41 

Spring 2024 brought the most severe flooding in decades to Northwestern Central Asia. In late March, 42 

record-breaking precipitation occurred, with 3-day mean rainfall exceeding three times the climatological 43 

average. This was followed by extreme heat in April, when 7-day maximum temperatures were nearly 44 

6°C above normal, forming a rare compound hydrometeorological event. Attribution analyses using 45 

Coupled Model Intercomparison Project Phase 6 (CMIP6) simulations indicate that greenhouse gas 46 

forcing increased the probability of such consecutive rainfall and heat extremes by approximately 47 

eightfold under current warming, with the risk projected to exceed a twentyfold increase by the end of the 48 

century. Internal climate variability also contributed significantly. An Atlantic tripole sea surface 49 

temperature pattern with mid-latitude cooling induced anomalous low pressure over Europe and high 50 

pressure over Siberia, enhancing westerly moisture transport and favoring extreme rainfall. By contrast, 51 

the April heatwave was primarily linked to a decaying La Niña from the preceding winter, which promoted 52 

persistent high-pressure and subsidence anomalies. Local land–atmosphere interactions, including soil 53 

moisture feedback, further modulated event intensity. These results indicate the combined roles of 54 

anthropogenic forcing, ocean-driven variability, and local feedback in shaping regional compound floods. 55 

  56 
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1 Introduction 57 

Central Asia (CA), a vast and geographically diverse region comprising Kazakhstan, Turkmenistan, 58 

Kyrgyzstan, Uzbekistan, and Tajikistan, lies landlocked within the Eurasian continental interior. 59 

Characterized by its predominantly arid to semi-arid climate, the region features complex topography, 60 

scarce precipitation, high evaporation rates, and fragile ecosystems that are particularly sensitive to 61 

climate change (Lioubimtseva & Henebry, 2009; Fallah et al., 2024). Observational and modeling studies 62 

indicate that the frequency and magnitude of extreme weather events in CA show a dramatic increase 63 

under global warming, leading to more severe hazards such as floods, droughts, and landslides, as well as 64 

growing risks to public health and food security (Tian et al., 2021; Fallah et al., 2023; Yao et al., 2024a; 65 

Tang et al., 2025). Specifically, extreme precipitation events have become more intense and widespread 66 

in CA (Sun et al., 2025a; Sun et al., 2025b), while heatwaves are occurring more frequently, particularly 67 

across western and southern CA (Yao et al., 2024a). In spring 2024, a devastating flood threatened the 68 

regions around northwestern CA (NWCA: 46–68°E, 46–56°N), drawing urgent attention from the 69 

Emergency Situations of Russia and Kazakhstan (Anna Chernova, 2024). The floods started on March 27, 70 

driven by a persistent rise in the Ural River's water levels, and peaked during its second wave in early 71 

April, causing extensive destruction and displacing over 119,000 people, including 44,000 children 72 

(ACAPS, 2024; OCHA, 2024). Such multi-peak flood events, exacerbated by extreme atmospheric 73 

conditions, pose serious threats to mortality and water security (Guglielmi, 2022; ACAPS, 2024; 74 

Kurishbaev et al., 2024), underscoring the urgent need to identify and quantify the underlying driving 75 

mechanisms. 76 

Radiative forcing changes, mainly driven by human activities, have significantly augmented the 77 

extreme events in CA (Peng et al., 2018; Peng et al., 2019b; Zou et al., 2021; Fallah et al., 2023). 78 

Specifically, global warming of 2 °C has been linked to a ~75% increase in moderate daily heat extremes, 79 

and a ~40% increase in the frequency of daily precipitation extremes over land relative to pre-industrial 80 

levels, largely due to an accelerated hydrological cycle (Fischer & Knutti, 2015; Luo et al., 2019; Robinson 81 

et al., 2021) and modulated by meridional shifts of the subtropical westerly jet (SWJ) (Peng et al., 2018; 82 

Jiang & Zhou, 2021a). In NWCA, particularly Kazakhstan, anthropogenic forcing is projected to 83 

substantially increase the likelihood of extreme precipitation and heat events, with a 3 °C warming 84 

potentially raising the risk of mudflows tenfold (Fischer et al., 2015; Peng et al., 2019a; Fallah et al., 85 

2023). These changes are primarily driven by elevated greenhouse gas concentrations under anthropogenic 86 

forcing (Peng et al., 2019b; Fallah et al., 2024a). However, previous studies mainly focus on the attribution 87 
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of extreme trends in CA or individual extreme events in other regions (Fallah et al., 2023; Ito et al., 2023; 88 

Wang et al., 2023; Xie et al., 2024), leaving the anthropogenic contribution to specific consecutive or 89 

compound extreme events less explored. The devastating 2024 NWCA flood highlights this gap that the 90 

continuously rising water levels in the Ural River could be attributed to heavy precipitation and rapid 91 

snowmelt under pronounced warming and sustained high temperatures (Zhang et al., 2017; Fallah et al., 92 

2023), ultimately triggering dam breaches, reservoir overflows, and large-scale population displacement. 93 

Although relatively rare, compound events—co-occurring or consecutive extremes—have become more 94 

frequent, spatially expansive, and exert far greater influences on human societies compared with 95 

individual events (Wang et al., 2022a; Li et al., 2023; Tang et al., 2023). 96 

In addition to anthropogenic forcing, internal climate variability—particularly sea surface 97 

temperature (SST) anomalies—can also modulate regional precipitation and temperature patterns in CA, 98 

contributing to their interannual and seasonal variability. Such SST anomalies could modulate both the 99 

strength and meridional displacement of SWJ, thereby altering large-scale moisture transport and ascent 100 

over CA (Umirbekov et al., 2022; Yao et al., 2024a). Moreover, variability in the SWJ is linked to shifts 101 

in tropical convection and the Intertropical Convergence Zone (ITCZ), providing a pathway through which 102 

coupled tropical–extratropical interactions influence regional precipitation and temperature extremes 103 

(Stan et al., 2017; Lin et al., 2019). However, the influence of individual ocean basins and their interactions 104 

on atmospheric circulation over CA is highly complex and often difficult to disentangle. For instance, El 105 

Niño events tend to enhance precipitation over CA through large-scale convergence (Feng et al., 2022; 106 

Yao et al., 2024b; Ren et al., 2025). In contrast, North Atlantic tripole SST anomalies can trigger Rossby 107 

wave trains that interfere with this relationship, suppressing precipitation in CA (Yao et al., 2024b; Ren 108 

et al., 2025). Moreover, tropical Indian Ocean warming could induce a southward shift of SWJ via 109 

meridional circulation changes, thereby enhancing large-scale ascent in CA and moisture transport from 110 

the Arabian Sea (Xie et al., 2020; Meng et al., 2021). The Indian Ocean also plays a crucial role in 111 

modulating the South Asian jet stream and reinforcing the Pacific–North American (PNA) teleconnection 112 

pattern, thereby affecting Eurasian circulation patterns (Abid et al., 2021; Raganato et al., 2024). However, 113 

these signals may be masked by the dominant atmospheric response to El Niño during early winter (Abid 114 

et al., 2021; Raganato et al., 2024). Besides, decaying El Niño induces southwest Indian Ocean warming 115 

by triggering westward-propagating Rossby waves, which further amplifies North Indian Ocean warming 116 

through equatorially antisymmetric wind anomalies in spring and summer (Wu et al., 2008; Du et al., 2009; 117 

Yu et al., 2025). As for North Atlantic SST warming, it can trigger a teleconnection wave that enhances 118 
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anticyclonic anomalies over CA, leading to extreme high-temperatures (Sun et al., 2019; Yao et al., 2024a). 119 

On longer timescales, both Pacific decadal variability and the Atlantic Multidecadal Variability (AMV) 120 

have been identified as key drivers of interdecadal precipitation changes in CA (Jiang et al., 2021b). A 121 

positive AMV phase potentially could weaken upper-level high-pressure systems over CA during summer, 122 

thereby alleviating extreme heat risks (Dong et al., 2023), while enhancing barotropic high-pressure in 123 

winter and thus suppressing mean winter precipitation (Yao et al., 2025). Considering the influence of 124 

multiple ocean basins on atmospheric circulation over CA, we investigate how major tropical and mid-125 

latitude SST anomaly patterns (TMSST; 10°S–80°N, 180°W–180°E) modulate the extreme events in 126 

NWCA, the core flood-affected region in spring 2024, through atmospheric teleconnection. 127 

Detection and attribution (D&A) studies assess whether observed climate changes exceed internal 128 

variability and quantify the contributions of external forcings, particularly anthropogenic greenhouse gas 129 

emissions. Extending this framework, event attribution focuses on individual extremes to determine 130 

whether and to what extent human influence has altered their probability or intensity (Trenberth et al., 131 

2015; Ito et al., 2023; Tang et al., 2023). Here, we examine the anthropogenic and natural drivers of the 132 

unprecedented compound precipitation–heatwave event that affected NWCA in spring 2024. Using 133 

observations together with the Coupled Model Intercomparison Project Phase 6 (CMIP6) climate model 134 

simulations, we apply a copula-based event attribution framework to quantify how anthropogenic forcing 135 

and internal circulation variability modulate the recurrence risk of 2024-like compound extremes. We 136 

further identify the dominant SST anomaly modes and elucidate the physical pathways through which 137 

they influence large-scale circulation and compound hazards over NWCA. Together, our results advance 138 

understanding of future multi-hazard risks and provide a scientific basis for targeted mitigation and 139 

adaptation strategies in this highly climate-sensitive region. 140 

 141 

2 Data and Methods 142 

2.1 Data 143 

To examine the extreme precipitation in March and heatwaves in April at daily to weekly scales, we 144 

use the daily precipitation and maximum/minimum temperature datasets from the Climate Prediction 145 

Center (CPC) global unified gauge-based analysis (Chen et al., 2008; Xie et al., 2010). Its reliability in 146 

NWCA has been confirmed by station observations from the Global Historical Climatology Network 147 

(GHCN) (Zhang et al., 2025). Daily mean temperature is obtained by averaging the maximum and 148 
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minimum temperatures. We additionally incorporate daily precipitation from Multi-Source Weighted-149 

Ensemble Precipitation (MSWEP) (Beck et al., 2019) and the fifth-generation European Centre for 150 

Medium-Range Weather Forecasts atmospheric reanalysis (ERA5), together with daily surface air 151 

temperature from ERA5 (Hersbach et al., 2020). Meanwhile, atmospheric circulation fields are obtained 152 

from the ERA5 reanalysis, using post-processed daily statistics and monthly averages on pressure levels 153 

from 1940 to the present (Hersbach et al., 2020). Variables include SST, geopotential height, zonal and 154 

meridional winds, soil moisture, surface albedo and runoff. Additionally, monthly SST fields are derived 155 

from four observational and reanalysis products of Hadley Centre Sea Ice and SST dataset (HadISST) 156 

(Rayner et al., 2003), Extended reconstructed sea surface temperature (ERSST) version 5 (Huang et al., 157 

2017), Optimum Interpolation Sea Surface Temperature (OISST) (Reynolds et al., 2007) and ERA5. 158 

For event attribution, we use multi-model historical simulations and future projections of daily 159 

precipitation and surface air temperature from the Detection and Attribution Model Intercomparison 160 

Project (DAMIP) within CMIP6 archive (Gillett et al., 2025). These include simulations forced by 161 

individual external forcings: greenhouse gases (hist-GHG; GHG), aerosols (hist-aer; AER), and natural 162 

factors (hist-nat; NAT). Meanwhile, historical simulations up to 2014 and future projections through 2100 163 

under Shared Socioeconomic Pathways (SSP2–4.5) with all external forcings (hist-All; ALL) are also 164 

used. All simulations are extended beyond 2014 using corresponding SSP2–4.5 realizations. SSP2–4.5 165 

represents a middle-of-the-road scenario, in which greenhouse gas emissions, aerosol forcing, and land-166 

use changes are broadly aligned with many SSP-based integrated assessment model projections 167 

(Alexander et al., 2013). Over the near-term period, differences among SSP scenarios are small relative 168 

to internal climate variability (Hawkins & Sutton, 2011). Consistent with this expectation, normalized 169 

Rx3day and Tx7day are examined using CMIP6 simulations under SSP1–2.6, SSP2–4.5, and SSP3–7.0 170 

for the period 2022–2026, centered on the year 2024 (Figure S1 in Supporting Information S1). The close 171 

agreement across scenarios within this five-year window indicates that the simulated near-term 172 

distributions of precipitation and heat extremes are largely insensitive to scenario choice, thereby 173 

supporting the robustness of our attribution results for the 2024 event. All CMIP6 models are equally 174 

weighted, irrespective of the number of realizations. All data are bilinearly interpolated to a 1° × 1° grid 175 

for consistency. Model details are summarized in Table S1 of the supplemental information. 176 
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2.2 Tail Dependence Coefficient 177 

To quantify the dependence structure between extreme wet and hot events beyond linear correlation, 178 

we employ the tail dependence coefficient, which measures the probability that one variable attains an 179 

extreme value conditional on the other variable also being extreme. Tail dependence provides a robust 180 

metric for characterizing co-occurrence of extremes and is particularly relevant for compound event 181 

analysis. The lower tail dependence coefficient is defined as 182 

𝜆! = 𝑙𝑖𝑚
"→$!

𝑃 '𝑌 ≤ 𝐹%&'()*+, (𝑞)|𝑋 ≤ 𝐹-&.()*+, (𝑞)0 (1) 

which represents the asymptotic probability that Tx7day falls below its q-quantile given that Rx3day is 183 

simultaneously below its corresponding q-quantile. Similarly, the upper tail dependence coefficient is 184 

defined as 185 

𝜆/ = 𝑙𝑖𝑚
"→,"

𝑃 '𝑌 ≥ 𝐹%&'()*+, (𝑞)|𝑋 ≥ 𝐹-&.()*+, (𝑞)0 (2) 

describing the probability that Tx7day exceeds its upper q-quantile conditional on Rx3day exceeding the 186 

same quantile level. Here, 𝐹0+, denotes the marginal quantile functions of variables X, respectively. Values 187 

of 𝜆/  or 𝜆/  close to zero indicate tail independence, whereas positive values imply non-negligible 188 

dependence in the extremes.  189 

2.3 Joint probability 190 

Copulas are widely used to estimate the joint probability of multiple variables by coupling their 191 

marginal distributions while explicitly representing their dependence structure. Based on copula theory, 192 

the joint probability 𝑝 of concurrent extreme precipitation and heatwave events can be expressed as 193 

𝑝(𝑃𝑟𝑒𝑐𝑖𝑝 ≥ 𝑥, 	∩ 	𝑇𝑒𝑚𝑝 ≥ 𝑥1) = 𝐶1[𝐹234567(𝑥,), 𝐹%487(𝑥1)] (3) 

where 𝑥, and 𝑥1 are the thresholds defining extreme precipitation and temperature, 𝐹234567 and 𝐹%487 are 194 

the corresponding marginal cumulative distribution functions, and 𝐶1is a bivariate copula function that 195 

maps the unit square [0,1]1 to [0,1]and encapsulates the dependence between the two extremes. To model 196 

joint extremes, we adopt a parametric copula framework in which the marginal and dependence structures 197 

are treated separately. The univariate tails of Rx3day and Tx7day are modeled using the Generalized 198 

Extreme Value (GEV) distribution, fitted to annual block maxima to characterize precipitation and 199 

temperature extremes. The fitted GEV marginal distributions are then coupled using a bivariate t-copula 200 

to estimate joint exceedance probabilities. As both the lower and upper tail dependence coefficients are 201 

approximately zero in the near-term period (2022–2026) but 0.17 during the far-future period (2075–2099) 202 
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under the ALL and GHG scenarios, the dependence structure between extreme precipitation and heat 203 

exhibits weak but non-negligible tail dependence in far-future period. To account for this feature, a t-204 

copula is adopted, as it allows for symmetric tail dependence while retaining flexibility in representing 205 

moderate correlations.  206 

To quantify the anthropogenic influence, we calculate the risk ratio (RR), defined as the fraction 207 

𝑝)/𝑝9:%	(with	𝑎 = 𝐺𝐻𝐺, 𝐴𝐸𝑅, 𝐴𝐿𝐿). An RR > 1 indicates an increased likelihood of spring 2024-like 208 

flood events under different anthropogenic forcings relative to natural conditions. Given the sampling 209 

uncertainty and temporal dependence in the extreme indices, a block bootstrap approach is performed with 210 

1000 iterations to estimate the mean RR and its 5th to 95th percentile confidence interval (CI) (Künsch, 211 

1993; Min et al., 2022; Tang et al., 2023). Contiguous blocks are resampled with replacement to preserve 212 

serial persistence in the time series. The block length is objectively determined based on the temporal 213 

autocorrelation structure of the data. Specifically, block length is defined as the lag at which the 214 

autocorrelation function (ACF) first decays to 1/e based on the CMIP6 multi-model ensemble mean 215 

(MME) time series. According to this criterion, the estimated block lengths for the 2022–2099 period are 216 

15 years for Rx3day and 6 years for Tx7day. To assess sensitivity to the choice of block length, we repeat 217 

the bootstrap analysis using block sizes of 13, 15, and 17 years for Rx3day, and 5, 6, and 7 years for 218 

Tx7day. The resulting RR estimates are highly consistent across these choices, indicating that the 219 

attribution results are robust to reasonable assumptions about temporal dependence.  220 

 221 

2.4 Reconstruction of Extreme Event Indices 222 

Our preliminary analysis indicates that the linear trends of TMSST, the extreme precipitation index 223 

(Rx3day), and extreme heatwave index (Tx7day) reflect the long-term response to global warming. To 224 

isolate the influence of internal variability expressed by large-scale SST anomalies from this warming 225 

trend, we first linearly detrend the extreme indices (Rx3day in May and Tx7day in April) and their 226 

simultaneous TMSST. Meanwhile, the 9-year running mean is removed from TMSST to eliminate the 227 

influence of decadal variability. Next, grid-point linear regressions of the detrended TMSST(t, i, j) 228 

anomalies are regressed onto the detrended Rx3day and Tx7day indices based on the partial least squares 229 

(PLS) method, where t denotes year and (i, j) are spatial grids. PLS regression is adopted here because it 230 

explicitly extracts predictor patterns that maximize the variance of a predefined predictand, rather than 231 

merely maximizing covariance or correlation between two fields (Abdi, 2010; Smoliak et al., 2010). This 232 
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property makes PLS particularly well suited for diagnosing the modulation effect of large-scale SST 233 

variability on extreme event indices, which has been successfully applied in previous studies to identify 234 

physically interpretable oceanic drivers (Smoliak et al., 2010; Wallace et al., 2012; Hu et al., 2020). The 235 

resulting regression coefficient fields are referred to as Mode1 for Rx3day and Tx7day, respectively, 236 

representing the leading SST patterns associated with extreme precipitation and heatwave variability over 237 

NWCA. By construction, these modes correspond to SST anomaly structures whose temporal evolution 238 

explains the largest fraction of variance in the respective extreme indices, and thus represent the dominant 239 

SST-related modulation pathways. To extract the temporal evolution of these modes, the detrended 240 

TMSST field is regressed onto Mode1, yielding the corresponding principal component time series (PC1) 241 

for Rx3day and Tx7day. These PC1s describe the temporal evolution of the leading SST modes that 242 

modulate Rx3day and Tx7day, respectively. 243 

To identify additional, independent SST influences, the SST components associated with PC1 are 244 

removed from the detrended TMSST field, and their corresponding contributions are simultaneously 245 

subtracted from the extreme indices. This procedure yields residual SST fields and residual extreme 246 

indices, ensuring that subsequent modes capture independent modulation signals rather than being 247 

contaminated by previously extracted dominant patterns. The above steps are then repeated iteratively on 248 

the residuals to obtain higher-order SST modes (Mode2, Mode3, etc.) and their associated time series 249 

(PC2, PC3, etc.), until additional modes explain only negligible variance in the extreme indices. 250 

Following the iterative extraction of TMSST modes, we select only those that (1) exhibit physically 251 

interpretable spatial patterns, and (2) are significantly correlated with the detrended extreme indices at the 252 

95% confidence level. The detrended extreme indices are then reconstructed as linear combinations of the 253 

selected SST mode time series, representing the portion of variability attributable to SST-driven processes. 254 

The statistical separability between the long-term trend and SST-driven internal variability is therefore 255 

permitted by the fact that the selected SST modes are both mutually independent and trend-free over the 256 

analysis period. 257 

2.5 Leave-three-out cross-validation and independent prediction 258 

Before determining the number of PCs to be used for reconstructing the extreme indices, we first 259 

assess the mutual independence of the candidate PCs using Pearson correlation coefficients. In addition, 260 

the variance inflation factor (VIF) is employed to diagnose potential multicollinearity among PCs within 261 
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the regression framework, as strong collinearity can inflate regression coefficients and weaken model 262 

robustness. The VIF is defined as 263 

𝑉𝐼𝐹	 = 	1	/	(1	 −	𝑟1) (4) 

where r denotes the multiple correlation coefficient between a given PC and the remaining PCs included 264 

in the regression model. A VIF value close to 1 indicates negligible multicollinearity, whereas larger 265 

values imply increasing redundancy and reduced statistical reliability. 266 

To assess the robustness and predictive skill of the statistical reconstruction models, a Leave-three-267 

out cross-validation is employed during the training period of 1980–2010. In each iteration, consecutive 268 

three years are excluded from the training dataset, and the regression model is built using the remaining 269 

years. The excluded year is then reconstructed using the fitted model, yielding a cross-validated estimate. 270 

This procedure is repeated sequentially for all years in the training period, ensuring that each reconstructed 271 

value is based on a model trained without that year. Model performance is evaluated using the Pearson 272 

correlation coefficient and the root mean square error (RMSE) between reconstructed and observed 273 

indices. To further test the temporal generalizability of the models, an independent prediction is conducted 274 

for the period 2011–2024 using regression coefficients derived solely from the 1980–2010 training period. 275 

2.6 Climate indices definition 276 

To characterize large-scale SST variability relevant to precipitation and temperature extremes over 277 

NWCA, we employ several widely used SST–based climate indices. The Indian Ocean Dipole (IOD) 278 

index is defined as the area-averaged SST difference between the western equatorial Indian Ocean (50–279 

70°E, 10°S–10°N) and the southeastern equatorial Indian Ocean (90–110°E, 10°S–0°). The Indian Ocean 280 

Basin Mode (IOBM) is defined as the leading empirical orthogonal function (EOF) mode of SST 281 

anomalies over the Indian Ocean domain (40–110°E, 20°S–20°N), representing basin-wide coherent SST 282 

variability. In addition, the Niño3.4 index is calculated as the area-averaged SST anomaly over the central 283 

equatorial Pacific (5°S–5°N, 170°–120°W) and is used to characterize ENSO-related variability. 284 

Guided by the leading coupled SST modes associated with Rx3day and Tx7day, we further define 285 

regional Atlantic and Pacific indices. The March Atlantic Index (MAI) is defined as the difference between 286 

the area-averaged SST in March over the high- and low-latitude Atlantic (60°W–30°W, 45°–60°N and 287 

50°W–15°W, 5°–20°N) and the mid-latitude North Atlantic (80°W–40°W, 25°–40°N) (magenta boxes in 288 

Figure 4a), while April Atlantic Index (AAI) is calculated as the area-averaged SST in April over the mid-289 
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latitude North Atlantic (50°W–25°W, 25°–45°N) minus the mean SST averaged over two adjacent regions 290 

(45°W–15°W, 5°–20°N and 55°W–30°W, 50°–65°N) (magenta boxes in Figure 4b).  291 

At interdecadal timescales, the Pacific Decadal Oscillation (PDO) index is defined as the leading 292 

EOF of monthly SST anomalies over the North Pacific (20°–70°N). Prior to EOF analysis, the global 293 

mean SST anomaly is removed.  294 

 295 

3 Results 296 

3.1 Observed Characteristics and Model Evaluation of the 2024 Wet–Hot Compound Event 297 

The spring 2024 floods over NWCA began on 27 March and peaked in early April, driven by heavy 298 

precipitation followed by elevated temperatures that accelerated snowmelt and runoff (Zhang et al., 2017; 299 

Fallah et al., 2023). Relative to the 1980–2010 baseline, pronounced precipitation anomalies over NWCA 300 

emerged on 26 March 2024, exceeding 5.8 mm day⁻¹ and persisting for three consecutive days, while a 301 

subsequent heatwave with surface air temperature anomalies exceeding 7 K occurred from 18 to 23 April 302 

(Figure 1a). To objectively characterize these extremes, we assess grid-point exceedances of the 90th 303 

percentile threshold for daily precipitation and surface air temperature across NWCA. This analysis 304 

identifies three dominant heavy precipitation days in March and seven heatwave days in April (Figures 305 

S2a–b in Supporting Information S1). Accordingly, extreme precipitation index (Rx3day) is defined as 306 

the maximum three-day averaged precipitation in March, and the extreme heatwave index (Tx7day) as the 307 

mean surface air temperature over seven consecutive days in April. These indices have been widely used 308 

in previous event attribution studies (Zhang et al., 2020; Zhou et al., 2021). Both indices reach their highest 309 

values since 1980 (Figure 2a). Rx3day exceeds the climatological mean of 1.81 mm by more than threefold, 310 

reaching 5.85 mm, while Tx7day surpasses the climatological average of 12.63 K by 5.77 K. The 311 

successive wet–hot event in 2024 is therefore unprecedented in the historical records with return periods 312 

based on GEV fitting of 273 yr [CI: 46–495yr] for Rx3day and 139 yr [CI: 43–250 yr] for Tx7day, and 313 

no comparable compound extremes of similar magnitude. Physically, enhanced surface soil moisture and 314 

rapid snowmelt during March 2024 intensify the precipitation–runoff response during the Rx3day event 315 

(Figure 1). Following the precipitation peak, accelerated soil drying and sustained soil warming suppress 316 

evaporative and snow-surface cooling, allowing stronger shortwave radiative heating to amplify the 317 

subsequent Tx7day heatwave. Such flood–heat compound extremes substantially increase post-disaster 318 

recovery costs and markedly elevate risks of heat stress and heat-related mortality (Blum et al., 2024; 319 
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Liang et al., 2024; Rahman et al., 2024). For comparison, all analyses are further repeated using 2016 320 

observations, the second most severe compound event based on the joint probability of March Rx3day 321 

and April Tx7day (Figure S2c in Supporting Information S1). In 2016, Rx3day and Tx7day exceeded 322 

climatology by 2.61 mm day-1 and 2.08 °C, respectively (Figure 1a).  323 

Additionally, we further evaluate the robustness of our results using higher spatial resolution data 324 

(0.5° × 0.5°), alternative observational datasets, including MSWEP and ERA5, as well as alternative index 325 

definitions. Both the temporal evolution and spatial patterns of Rx3day and Tx7day derived from the CPC 326 

dataset at 0.5° × 0.5° resolution remain highly consistent with those at 1° × 1° (Figures S3a–b in 327 

Supporting Information). For 2024, Rx3day reaches 5.86 mm day⁻¹ and Tx7day 19.07 °C at 0.5° × 0.5°, 328 

compared with 5.86 mm day⁻¹ and 18.65 °C at 1° × 1°, indicating that the differences induced by spatial 329 

resolution are negligible. Besides, the sensitivity analysis includes longer averaging windows (Rx5day, 330 

Rx7day, Tx3day, and Tx5day) and percentile-based thresholds for March daily precipitation (R95th, 331 

R99th) and April temperature (T95th, T99th). Across all datasets and index definitions, the resulting time 332 

series and spatial patterns are perfectly related with those derived from CPC observations (𝑝 < 0.001), 333 

consistently identifying 2024 as the most extreme compound wet–hot event on record. This strong 334 

agreement confirms that the unprecedented magnitude of the 2024 Rx3day and Tx7day anomalies is 335 

highly robust (Figure S3 in Supporting Information). Note that although the correlation coefficients 336 

between March Rx3day and April Tx7day are statistically insignificant (𝑝 > 0.05) in both observations 337 

and climate models, implying that such consecutive wet–heatwave events could be regarded as largely 338 

random occurrences, this lack of linear correlation does not imply full independence. Rather, antecedent 339 

hydrological and land-surface conditions provide a physical linkage between the two extremes. Beyond 340 

hydrological linkages, compound humid–heat extremes can impose disproportionately larger impacts on 341 

human and socio-ecological systems than wet or hot extremes alone, by amplifying heat stress on human 342 

health and agricultural systems. (Blum et al., 2024; Liang et al., 2024; Rahman et al., 2024) 343 

To ensure comparability between models and observations, the Rx3day and Tx7day indices are 344 

normalized as percentage anomalies relative to the climatology (1980–2010 mean) in the model 345 

simulations. For attribution experiments, simulations under GHG, NAT, and AER forcings are normalized 346 

using the ALL-forced climatology of each model. Before conducting attribution analysis, the performance 347 

of models in simulating Rx3day and Tx7day in NWCA is first assessed. CMIP6 models reasonably capture 348 

the climatological spatial pattern of Rx3day, characterized by increasing intensity toward NWCA, and 349 

Tx7day, which follows a latitudinal gradient, weakening northward (Figure S4 and Table S1 in Supporting 350 
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Information). Meanwhile, the historical model simulations are able to reproduce the observed Rx3day and 351 

Tx7day variability during 1980–2014 (Figure S5 in Supporting Information). 352 

Although models can reasonably simulate individual extremes, they often fail to reproduce the 353 

magnitude of successive extreme events. This limitation complicates attribution of compound extreme 354 

events within the traditional framework and hinders reliable estimation of RR (Wang et al., 2022b; Wang 355 

et al., 2023). Compound floods in the downstream Ural River may arise not only from localized heavy 356 

precipitation and snowmelt caused by rapid warming, but also from remote drivers such as intense 357 

upstream precipitation. To better reconcile these processes in models, a sliding reference zone is 358 

considered for model magnitude adjustment. Specifically, a rectangular box (Figure S2a in Supporting 359 

Information, solid box: 46–68°E, 46–56°N) of fixed size and grid count is allowed to shift within a broader 360 

domain (Figure S1a in Supporting Information, dashed box: 45–75°E, 45–65°N) at each time step. For 361 

each model and time step, the maximum value within the sliding box is recorded as the extreme index, 362 

and the corresponding area is defined as the attribution zone. This correction approach, successfully 363 

applied in previous studies (Wang et al., 2023), could enhance the model’s ability to capture event 364 

magnitudes. 365 

Both the original and corrected model simulations confirm the rarity of events exceeding the absolute 366 

or relative thresholds, whether considered as single or joint extremes (Figure 2b). During spring 2024, 367 

much of NWCA experienced extremely wet and hot conditions, which is also represented by observational 368 

records from GHCN with valid records for precipitation in March 26–28 and surface temperature in April 369 

18–24 (Figures 2c–d). The consecutive precipitation from March 26–28 occurs over climatologically high 370 

precipitation regions, effectively amplifying the seasonal wet signal (Figure 2c and S4c in Supporting 371 

Information). By contrast, the extreme temperature anomalies from April 18–24 emerge through a local 372 

breakdown of the climatological latitudinal temperature gradient, driven by anomalous atmospheric 373 

circulation and amplified by local soil moisture–temperature feedbacks (Figure 2d and S4d in Supporting 374 

Information). Atmospheric circulation anomalies provided favorable conditions for these successive 375 

extremes: cyclonic low-level moisture convergence anomaly from March 26–28 supplied abundant 376 

moisture for sustained precipitation (Figure 2c), followed by anomalous mid-level high pressure from 377 

April 18–24, which favored shortwave reaching radiation and adiabatic warming, intensifying surface 378 

heatwave (Figure 2d). 379 

 380 
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3.2 The role of external forcing on Rx3day and Tx7day 381 

Influences of diverse external forcings on the likelihood of the 2024-like March Rx3day and April 382 

Tx7day events in historical records (1980–2024) are investigated in Figure 2b. Based on the corrected 383 

simulations, aerosol (AER) forcing contributes far less or even offsets the humidification and warming 384 

induced by GHGs, while natural variability slightly enhances Rx3day but has little impact on Tx7day 385 

(Figure 2b, right cell), as further confirmed by the marginal probability in Figure 3a. Original model 386 

outputs yield consistent results albeit with larger uncertainty ranges (Figure 2b, left cell). Joint probability 387 

analyses demonstrate that GHG forcing favors the succession of heavy precipitation and heatwave events 388 

in both 2024 and 2016, whereas AER acts as a negative contributor (Figure 3a). Quantitatively, CMIP6 389 

results indicate that the probabilities of 2024-like consecutive extremes (PALL, PGHG, PAER, and PNAT) are 390 

5.10%, 28.80%, 0.30%, and 3.50%, respectively, for the 5-year period centered on 2024. The 391 

corresponding RRALL/NAT, RRGHG/NAT, and RRAER/NAT are 1.46 [CI 1.02, 2.71], 8.23 [CI 6.44, 11.44], and 392 

0.09 [CI 0.00, 0.19], respectively (Table 1). These results imply that human activities have increased the 393 

risk of 2024 record-breaking compound extremes, with GHG emissions alone responsible for an 8-fold 394 

amplification (Figure 3b). In addition, the 2024-like compound event is virtually unlikely to occur under 395 

natural forcings alone, with low-amplitude fluctuations of return period in the Rx3day and Tx7day. Under 396 

external forcing, however, their recurrence risk rises to nearly once in 100 years (Figure 3c). 397 

We further examine the role of anthropogenic forcing in the near future (2025–2049), mid-century 398 

(2050–2074), and late 21st century (2075–2099) (Figure 3d, Table S2 in Supporting Information). The 399 

response of Rx3day and subsequent Tx7day to anthropogenic GHG forcing gradually intensifies over 400 

time, reaching its peak in the late 21st century, when both indices increase in tandem with larger associated 401 

uncertainties, consistent with previous studies (Fischer et al., 2015; Fallah et al., 2023). The RR of 402 

exceeding the 2024 thresholds reaches 9.79 [CI 6.91, 14.87] by the late 21st century, exceeds double the 403 

near-future value of 4.08 [CI 2.87, 6.01] and approximately double compared to the 2016 thresholds. AER 404 

forcing consistently weakens the risk of extreme events (RR < 1), while the response to NAT forcing 405 

remains wetting for Rx3day and cooling for Tx7day (Figure 3d). For univariate extremes, GHG forcing 406 

amplifies the risk of both extreme precipitation and high temperatures, with RR of 3.21 [CI 2.77, 3.65] for 407 

Rx3day and 5.82 [CI 5.16, 6.57] for Tx7day in the near future. Comparing univariate and bivariate 408 

extremes across decades reveals that the risk of joint events is substantially higher under GHG or ALL 409 

forcings. Notably, the unprecedented 2024-like compound extremes exhibit a far greater amplification 410 

than that in 2016, underscoring that the more severe the event, the larger the associated RR (Table S2 in 411 
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Supporting Information). In addition, sensitivity analyses are based on two additional sets of extreme 412 

indices, Rx5day and Tx5day, as well as percentile-based indices R95th and T95th. The resulting RR 413 

estimates consistently support the conclusion that anthropogenic forcing increases the likelihood of 414 

extreme events, with GHG exerting a stronger amplifying effect, particularly toward the far-future period 415 

(Table S3 in Supporting Information). 416 

3.3 Mechanisms of SST Anomalies Modulating Compound Extremes 417 

To further elucidate the role of internal climate variability in modulating precipitation and 418 

temperature extremes over NWCA, we remove the long-term linear trend from the tropical–midlatitude 419 

SST (TMSST) field at each grid point and extract the leading detrended SST modes that are significantly 420 

associated with Rx3day and Tx7day, together with their corresponding temporal components (Figures 4–421 

5). Lead-lag regression and Granger-causality diagnostics indicate that these SST modes precede and exert 422 

a statistically significant influence on the extreme indices, supporting a physically interpretable causal 423 

linkage. The leading SST mode associated with detrended Rx3day is characterized by a decaying El Niño 424 

pattern accompanied by a developing Atlantic SST dipole from preceding winter (January–February) to 425 

March, featuring midlatitude cooling flanked by subtropical and high-latitude warming, together with 426 

basin-wide warming over the Indian Ocean (Figures 4a, c). The corresponding PC1 exhibits significant 427 

correlations with the Niño3.4 (r = 0.64), MAI (r = 0.57), and IOBM (r = 0.65) indices, which could be 428 

traced back to the preceding winter with seasonal persistence. Consistent with previous studies, Niño3.4 429 

and IOBM are strongly correlated (r = 0.66), supporting the role of the Indian Ocean Basin Mode as a 430 

“capacitor” that stores and prolongs ENSO-related signals (Yang et al., 2007; Yang et al., 2015). 431 

Collectively, this SST mode explains 38% of the internal variability in detrended Rx3day. The associated 432 

atmospheric response is characterized by an eastward-propagating barotropic wave train originating in the 433 

preceding winter, with anomalous low pressure over Europe and high pressure over Siberia in March 434 

(Figures 4a, c). This circulation pattern is primarily modulated by the Atlantic SST tripole, which 435 

strengthens the SWJ over NWCA and enhances zonal moisture transport from the Atlantic, thereby 436 

intensifying Rx3day extremes. Meanwhile, the pure Indian Ocean basin-wide warming after removing the 437 

Niño3.4 signal tends to amplify the anomalous high pressure over NWCA, favorable for Rx3day (Figures 438 

S6a–c in Supporting Information). At the regional scale, anomalous moisture fluxes during Rx3day are 439 

dominated by westerly transport, while southerly moisture transport anomalies from the southern Indian 440 

Ocean contribute preferentially to precipitation over eastern NWCA. Notably, surface soil moisture 441 
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anomalies in March do not emerge as a significant precursor or controlling factor for Rx3day variability 442 

(Figures 5a–c). 443 

On the other hand, detrended Tx7day is primarily associated with a decaying La Niña pattern from 444 

the preceding winter, concurrent with an emerging Atlantic SST tripole characterized by midlatitude 445 

cooling and subtropical and high-latitude warming. The Tx7day PC1 exhibits significant correlations with 446 

Niño3.4 (r = −0.39) and AAI (r = 0.46), together accounting for 59% of the internal variability in 447 

detrended Tx7day (Figures 4b, d). The circulation anomalies associated with Tx7day PC1 favor 448 

strengthened high-pressure anomalies and enhanced subsidence over NWCA. However, contributions 449 

from Niño3.4 and the AAI alone cannot fully account for the strong and persistent anticyclonic anomalies 450 

dominating CA (Figures S6d–f in Supporting Information). Instead, the decay tendency of La Niña, 451 

defined as difference of the inverted Niño3.4 index between April and the preceding January–February, 452 

plays a leading role in intensifying surface solar radiation and sustaining prolonged heat extremes (Figures 453 

S6d–f in Supporting Information). At the local scale, elevated geopotential heights and enhanced solar 454 

radiation promote soil moisture depletion, intensifying sensible heat fluxes and amplifying extreme heat 455 

through land–atmosphere feedbacks (Figure 5d). These SST-based dominant modes are robust across 456 

alternative SST datasets (OISST, ERSST and ERA5) and remain robust to the choice of running window 457 

length (11 years) and detrending strategy, including quadratic detrending (Figure S7 in Supporting 458 

Information). 459 

The reconstruction of detrended Rx3day and Tx7day indices using PCs is predicated on the selection 460 

of modes that (i) explain sufficient variability independent of the long-term linear trend, (ii) are mutually 461 

orthogonal, and (iii) exhibit significant correlations with the corresponding extreme indices (Tables S4–462 

S6). Specifically, detrended Rx3day shows a significant correlation of 0.60 with its leading PC1, while 463 

detrended Tx7day displays a correlation coefficient of 0.75 with its PC1. Importantly, these PC1s are 464 

statistically independent of the long-term trends of corresponding extreme indices (Table S4 in Supporting 465 

Information). Although the remaining modes are orthogonal and introduce negligible increases in VIFs, 466 

their inclusion provides little additional predictive skill for detrended Rx3day and Tx7day (Tables S4–S6 467 

in Supporting Information). Accordingly, linear regression models are constructed using only the first 468 

standardized PC for each index. 469 

For Rx3day, the best-fit model is given by detrended Rx3day = 0.29 × PC1 − 0.50, combined with a 470 

linear trend term of 0.04 × t − 0.59, where t ranges from 1 to 45, corresponding to 1980–2024. These 471 

two statistically separable components are combined to yield the full reconstruction. Under leave-three-472 
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out cross-validation, the reconstructed Rx3day reproduces observations, with a correlation coefficient of 473 

0.52 and an RMSE of 0.84 (Figure 5e). During the independent prediction period (2011–2024), model 474 

skill improves, yielding a correlation of 0.76 and an RMSE of 1.11. For the year 2024, the long-term trend 475 

contributes 17% (90% confidence interval: 2–34%) of the Rx3day amplitude, while SST-related internal 476 

variability accounts for 31%. In parallel, the Tx7day index is reconstructed with detrended Tx7day = 2.25 477 

× PC1 – 0.84, plus a linear trend term of 0.05 × t – 0.74. This model reproduces observations with high 478 

skill, achieving a correlation of 0.75 and an RMSE of 2.10 under leave-three-out cross-validation (Figure 479 

5f). During the independent prediction period, the reconstruction attains a correlation of 0.53 with an 480 

RMSE of 2.19. For the 2024 event, Tx7day is primarily attributable to internal circulation anomalies 481 

linked to SST variability (68%), with an additional contribution of 8% from long-term warming (90% 482 

confidence interval: −7% to 24%). Notably, even after statistical reconstruction, the compound wet–hot 483 

extremes in 2024 over NWCA remain the most exceptional anomalies on record since 1980 (Figure S2c). 484 

This highlights internal climate variability playing a non-negligible role, accompanied with the extreme 485 

amplification forced by externally forced warming. 486 

 487 

4 Conclusion and discussion 488 

The unprecedented spring 2024 flood NWCA caused widespread socio-economic disruption and 489 

displaced over 100,000 people. This extreme compound event is characterized by consecutive hazards of 490 

an anomalous heavy precipitation episode (Rx3day) in March, followed by an intense heatwave (Tx7day) 491 

in April. Such back-to-back extremes in NWCA offer a unique opportunity to disentangle what extent are 492 

regionally amplified compound events in NWCA contributed by externally forced global warming versus 493 

internal climate variability, particularly circulation anomalies? Leveraging both observations and climate 494 

model simulations, we quantify the relative contributions of anthropogenic warming and internal 495 

atmospheric dynamics to the unprecedented spring 2024 compound wet–hot extremes over NWCA. Our 496 

findings reveal that the consecutive Rx3day and Tx7day events in spring 2024 are the most extreme since 497 

1980, Rx3day exceeds the climatological mean by more than a factor of three, reaching 5.85 mm, while 498 

Tx7day surpasses the climatological average by 5.77 K. Moreover, we identify the dominant anomalous 499 

SST modes modulating these extremes and elucidate the underlying dynamical mechanisms. 500 

To address model limitations in capturing compound extremes, we first define events based on 501 

percentile anomalies over a sliding reference area to identify spatially aligned extremes. Attribution 502 
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analysis using CMIP6 DAMIP simulations reveals that anthropogenic influence has increased the 503 

likelihood of 2024-like compound events under the current human-induced warming level, with GHG 504 

emissions alone amplifying the risk more than 8-fold. Projections suggest that by the end of the 21st 505 

century, the recurrence risk of such compound events could rise nearly 10-fold, underscoring their 506 

increasing inevitability under continued warming. In contrast, estimates derived from both the parametric 507 

GEV–t-copula framework and the nonparametric empirical CDF–t-copula approach consistently indicate 508 

a substantial anthropogenic amplification of compound extreme risk over NWCA. However, empirical 509 

estimates exhibit considerably wider uncertainty ranges (Table S7 in Supporting Information). In 510 

particular, empirical co-occurrence RRs are approximately 1.5 times larger than those based on GEV 511 

under individual GHG forcing during 2025–2049, but decrease by about 6–7 in magnitude relative to 512 

GEV-based estimates during 2050–2074 and 2075–2099. These comparisons suggest that while both 513 

methods yield broadly consistent conclusions, parametric GEV-based modeling is preferable when more 514 

constrained uncertainty estimates are required. Additionally, these results also remain robust under ALL 515 

forcings when an additional ten CanESM5 ensemble members (r11–r20i1p1f1) are included, suggesting 516 

that the attribution conclusions are largely insensitive to the ensemble size of individual models (Table S8 517 

in Supporting Information). In addition, we also retain complementary estimates of the occurrence 518 

probability and RRs for 2024-like events defined using fixed NWCA area-averaged Rx3day and Tx7day 519 

(Table S9 in Supporting Information). Although future projections indicate substantially lower occurrence 520 

probabilities of individual Rx3day, Tx7day, and compound wet–heat events compared to estimates based 521 

on sliding boxes, the associated RRs are higher. During the near-future period (2025–2049), the RR of 522 

2024-like compound extremes rise to 4.86 (90% CI: 2.75–12.35) under ALL forcings, with GHG forcing 523 

alone contributing a markedly stronger amplification (RR = 23.86, 90% CI: 14.17–57.33), while this 524 

amplification intensifies further in the far-future period, with RRs increasing to 12.22 (90% CI: 7.17–525 

26.50) and 33.11 (90% CI: 20.40–71.79) under ALL and GHG forcings, respectively. 526 

Beyond external forcing, reconstruction of extreme indices based on internal variability expressed 527 

via SST highlights the role of specific large-scale ocean–atmosphere patterns. The leading SST mode 528 

associated with detrended Rx3day variability features a developing Atlantic SST dipole from winter to 529 

March with midlatitude cooling flanked by subtropical and high-latitude warming, together and basin-530 

wide Indian Ocean warming closely linked to ENSO. These SST anomalies drive anomalous low pressure 531 

over Europe and high pressure over Siberia, strengthening the southwesterly jet over NWCA and 532 

enhancing zonal moisture transport from the Atlantic, thereby favoring extreme precipitation. In contrast, 533 
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the enhanced high-pressure anomalies favoring Tx7day are primarily modulated by a decaying La Niña 534 

tendency, leading to anomalous subsidence over NWCA, increasing surface solar radiation and promoting 535 

persistent heatwaves. Statistical reconstruction based on the first SST mode indicates that, for 2024, the 536 

SST-related internal variability accounted for 31% and 68% of the Rx3day and Tx7day, while an 537 

additional 17% and 8% contribution from long-term warming. These findings highlight that internal 538 

climate variability acts as a non-negligible driver, accompanied by externally forced warming amplifying 539 

compound extremes over NWCA. Notably, a portion of the residual variance could not be captured by the 540 

reconstruction, likely reflecting local land–atmosphere thermodynamic feedback interactions that are not 541 

fully captured by large-scale SST modes. For instance, on intra-seasonal timescales, soil moisture 542 

variability and the associated feedbacks in sensible heat and net longwave radiation can amplify near-543 

surface air temperature fluctuations, thereby intensifying extreme heat events (Wang et al., 2024; Lim et 544 

al., 2025). In addition, on inter-decadal timescales, the leading SST mode favorable for Tx7day is 545 

significantly modulated by the PDO (p < 0.01), underscoring the role of low-frequency Pacific variability 546 

in shaping regional climate changes. 547 

Overall, our study identifies the dominant modes of synchronous SST anomalies across equatorial 548 

and mid-latitude basins that modulate March precipitation and subsequent April heatwaves in NWCA, 549 

accompanied by the local soil moisture-temperature feedbacks. Importantly, these SST modes emerge in 550 

the preceding winter. For instance, enhanced westerly moisture transport patterns into NWCA associated 551 

with increased Rx3day are primarily governed by an Atlantic SST tripole that persists from January–552 

February into early spring. By contrast, a decaying La Niña tendency in the central–eastern equatorial 553 

Pacific dominantly leads to anomalous high-pressure anomalies over NWCA, thereby amplifying Tx7day 554 

anomalies. Owing to their slow evolution, these large-scale SST configurations can be monitored several 555 

months in advance and incorporated into seasonal forecasting systems as boundary forcings or physically 556 

interpretable predictor fields, extending predictability beyond the intrinsic limits of short-range weather 557 

forecasts. Nevertheless, given the relatively slow adjustment of SSTs, changes in local hydrological 558 

conditions also warrant close attention. Rapid soil moisture depletion following extreme precipitation, 559 

coupled with persistently elevated soil temperatures, can serve as additional early-warning signals for the 560 

occurrence of heatwaves after extreme precipitation. This underscores the importance of jointly 561 

considering large-scale oceanic precursors and fast-evolving land–atmosphere processes when assessing 562 

the risk of compound precipitation–heatwave events. Yet, the relative contributions of individual ocean 563 

basins remain to be quantitatively constrained. Future work should disentangle teleconnections from the 564 
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tropical Pacific, Indian Ocean, and North Atlantic, and assess how their interactions amplify or dampen 565 

local wet–heat sequences. For example, North Atlantic SST anomalies have already been shown to 566 

enhance the predictability of extreme heat days in CA (Yao et al., 2024a). Advancing the understanding 567 

of SST–circulation linkages will further strengthen seasonal forecasting of high-impact events and support 568 

climate-resilient agricultural planning and early-warning strategies in this vulnerable region (Jiang et al., 569 

2020; Liu et al., 2025).  570 

Additionally, previous studies have shown that robust attribution of rare extreme events may require 571 

ensembles substantially larger than those typically available in DAMIP, in some cases reaching thousands 572 

of realizations (Schaller et al., 2014; Gillett et al., 2025). To mitigate this sampling limitation, several 573 

complementary strategies have been proposed, including pooling model years beyond the specific event 574 

window, combining multiple climate model ensembles, and increasing sample sizes using statistical 575 

approaches such as extreme value theory (Sippel et al., 2015) or ensemble boosting techniques (King, 576 

2017). At the same time, for regional extremes, CMIP6 models with coarse grid spacing (~150 km) are 577 

inherently limited in representing sub-grid scale processes, such as convective clouds, complex 578 

topography, and other localized weather phenomena that drive extreme events, often leading to systematic 579 

underestimation of extreme intensity. Therefore, future studies would benefit from kilometre-scale 580 

simulations, which provide higher-resolution, localized insights into climate change impacts, thereby 581 

improving risk assessment and adaptation planning (John et al., 2024; Engelbrecht et al., 2025). 582 

Consequently, our DAMIP-based results should be interpreted primarily as relative metrics of risk 583 

amplification under anthropogenic forcing, rather than precise estimates of absolute joint-event 584 

frequencies. From a risk management perspective, our findings argue for a shift from single-hazard, 585 

frequency-based approaches toward compound- and impact-based frameworks. Although the weaker 586 

occurrence probability of compound events in future projections, the sharply increasing risk ratios indicate 587 

that such events will become less frequent but substantially more damaging. Effective risk management 588 

should therefore emphasize preparedness for high-impact event sequences, incorporate compound-event 589 

thresholds into early-warning systems, and explicitly account for cascading risks amplified by 590 

anthropogenic warming. 591 

  592 
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Figure 1. Time evolution of (a) precipitation (unit: mm day-1) and surface temperature (unit: K) over the 847 

NWCA region (46–68°E, 46–56°N) (a) 0–7 cm soil moisture anomalies (unit: m³ m⁻³) and soil temperature 848 

anomalies (unit: K), (b) snowmelt anomalies (unit: m) and surface runoff anomalies (unit: m), and (c) 849 

snow water equivalent (SWE) anomalies (unit: kg m⁻²) and surface solar radiation downwards (SSRD) 850 

anomalies (unit: m). The green and red horizontal lines mark the occurrences of Rx3day and Tx7day, 851 

respectively.  852 

  853 
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 854 

Figure 2. (a) Observed time series of areal averaged Rx3day (units: mm day-1) in March and Tx7day 855 

(units: K) in April over the NWCA region (46–68°E, 46–56°N) based on CPC datasets during 1980–2024. 856 

(b) Quartile boxplots of normalized Rx3day and Tx7day from CMIP6 (ALL, GHG, NAT, and AER 857 

forcings) original and corrected model simulations during 1980–2024. The error bars denote the 5th–95th 858 

percentile range of simulations across model ensemble members. Dashed lines indicate the thresholds 859 

defined as the 2024 observations with green for Rx3day and pink for Tx7day. (c) Anomalous Rx3day 860 

(units: mm day-1; shading) and 850-hPa moisture flux (units: kg m-1 Pa-1 s-1; vector) during 26–28 March 861 

2024, and (d) Anomalous Tx7day (units: °C; shading) and 500-hPa geopotential height (units: m; contour) 862 

during 18–24 April 2024, relative to the 1980–2010 climatology. The dots represent the station 863 

observations from GHCN. Blue boxes in (c) and (d) indicate the NWCA region affected by the spring 864 

2024 flood. 865 
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   867 

Figure 3. (a) Marginal and joint probability distributions of normalized corrected Rx3day and Tx7day 868 

from CMIP6 (ALL, GHG, NAT, and AER forcings) under the SSP2–4.5 scenario during 2022–2026. 869 

Dashed and dotted lines indicate the 2024 and 2016 thresholds, respectively. (b) RR of compound floods 870 

under ALL, GHG, and AER forcings relative to NAT forcing, based on 2024 (left; solid circles and thick 871 

bars) and 2016 (right; hollow circles and thin bars) thresholds. Circles and error bars indicate the averages 872 

and 5%–95% CI ranges of corresponding RR. As the error bars of RR for ALL and GHG in 2016 are too 873 

short to show, their ranges are displayed under corresponding axes. (c) Bivariate return periods of the 874 

compound event (units: mm day-1 and °C) under ALL (contours and gray scatters) and NAT forcings 875 

(green scatters). The vertical (horizontal) dashed line indicates the threshold of Rx3day (Tx7day) in model 876 

simulations. (d) Quartile boxplots of normalized corrected Rx3day and Tx7day in CMIP6 models (ALL, 877 

GHG, NAT, and AER forcings) for the near future (2025–2049), mid-century (2050–2074), and late-878 

century (2075–2099) periods. The error bars denote the 5th–95th percentile range of projections across 879 

model ensemble members.  880 
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  882 

Figure 4. Regression of detrended SST (unit: K), 200-hPa geopotential height (shading; units: m) and 883 

corresponding wave activity fluxes (vectors; units: 10-2 m2 s-2) onto PC1 of (a) Rx3day in March and (b) 884 

Tx7day in April. The magenta boxes indicate the regions for MAI and AAI index. (c, d) Same as (a, b), 885 

but for January–December. Dotted areas indicate regions significant at the 90% confidence level based on 886 

Granger causality test (Sun et al., 2025b). 887 
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 889 

Figure 5. Regression of (a) vertically-integrated horizontal moisture transport (IVT; unit: kg m-1 s-1), (b) 890 

zonal (shading; unit: kg m-1 s-1) and meridional moisture transport (green contours of 5 kg m-1 s-1), and (c) 891 

soil moisture (units: mm) onto Rx3day PC1 in March. (d) Same as (c), but for Tx7day PC1 in April. (e, f) 892 

Time series of observation, reconstruction, and trends of Rx3day and Tx7day. Yellow dashed lines 893 

indicate the year 2011. Asterisks denote correlations statistically significant at the 90% confidence level. 894 
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Table 1. Probability and RR values of single Rx3day, Tx7day, and their co-occurrence exceeding the corresponding percentile 895 

thresholds of 2024 and 2016 during 2022–2026. Parentheses indicate 5%–95% uncertainty ranges of RR estimated by the Monte Carlo 896 

bootstrap method. 897 

 Variables 
Prob. of 

ALL 

Prob. of 

GHG 

Prob. of 

AER 

Prob. of 

NAT 
RR of ALL RR of GHG RR of AER 

2024 

Rx3day 12.70% 40.40% 7.60% 14.00% 
0.91 

[0.76, 1.10] 

2.89 

[2.51, 3.35] 

0.54 

[0.43, 0.68] 

Tx7day 27.60% 63.20% 0.40% 13.90% 
1.99 

[1.72, 2.34] 

4.55 

[4.09, 5.28] 

0.03 

[0.01, 0.06] 
Co-

occurrence 
5.10% 28.80% 0.30% 3.50% 

1.46 

[1.02, 2.17] 

8.23 

[6.44, 11.44] 

0.09 

[0.00, 0.19] 

2016 

Rx3day 24.80% 62.00% 15.40% 30.70% 
0.81 

[0.71, 0.91] 
2.02 

[1.82, 2.21] 
0.50 

[0.43, 0.57] 

Tx7day 67.80% 85.20% 5.60% 31.00% 
2.19 

[2.02, 2.37] 

2.75 

[2.55, 2.96] 

0.18  

[0.14, 0.22] 

Co-
occurrence 

19.00% 54.50% 1.20% 13.40% 
1.42 

[1.19, 1.69] 
4.07 

[3.51, 4.70] 
0.09 

[0.05, 0.13] 
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