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19  Abstract

20 Understanding future changes in compound climate extremes (CCEs) is critical for climate
21  risk assessment. However, existing research have relied on stationary assumptions, overlooking the
22 dynamic evolution of CCEs under non-stationary climate change. Therefore, based on an enhanced
23 Generalized Additive Models for Location, Scale, and Shape (GAMLSS), this study provides novel
24 perspectives into the non-stationary characteristics of hot-wet (HW), hot-dry (HD), cold-wet (CW),
25  and cold-dry (CD) extremes under future climate scenarios, focusing on the Minjiang River Basin
26  (MRB), located in Southeast China. The high-resolution dataset employed for CCEs detection is
27  generated through dynamical downscaling of a bias-corrected CMIP6 dataset, utilizing the Weather
28  Research and Forecasting (WRF) model. The results show that (1) CCEs increase significantly at a
29  rate of 3.55d/10a under the SSP5-8.5 scenario, with hot extremes (HW and HD) playing a dominant
30  role. The spatial distribution exhibits a distinct west to east increasing gradient, peaking in the MRB
31 downstream areas. (2) Under the SSP5-8.5 scenario, CCEs exhibit a marked transition from
32 stationary to non-stationary characteristics, with non-stationarity detected in 95.20% of grid cells.
33 Mean warming, not variability, served as the dominant factor behind this transition, explaining
34 80.81% ofthe changes. (3) The non-stationary results demonstrate that the severity and recurrence
35  risks of CCEs are systematically underestimated. Most CCEs (except for CD) exhibit increasing
36  recurrence risks under the SSP5-8.5 scenario, with a trend of 3.12d/10a in the 100-year return period,
37  showing a stronger increase. This study emphasizes the necessity of updating the risk changes of
38  CCEs under a non-stationary framework.

39  Keywords compound climate extremes, non-stationarity, GAMLSS, dynamical downscaling, WRF
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40 1 Introduction

41 Global warming is leading to more frequent and intense compound climate extremes (CCEs)
42 (Sauter et al., 2023; Liu et al., 2024; Zhang et al., 2024; You et al., 2025). CCEs have posed severe
43  threats to global social, economic, and ecological systems, with impacts that surpass those of
44  individual extremes in both range and severity (Mukherjee et al., 2023; Zeng et al., 2024; Miao et
45  al, 2024). For example, the Yangtze River Basin in China experienced unprecedented compound
46  hot-dry extremes in August 2022, characterized by record-breaking heatwaves and severe droughts,
47  which directly affected over 50 million people (Jia et al., 2025). The Sixth Intergovernmental Panel
48  on Climate Change (IPCC) report indicated that the probability and intensity of future CCEs are
49  projected to increase (IPCC, 2021). Therefore, a systematic assessment of the future evolution of
50  CCEs is critical for mitigating socio-economic risks and optimizing climate adaptation strategies.
51 Traditional extreme event analyses rely on stationarity assumptions, presuming that the
52 probability and distributional parameters of climate variables are constant (Sun et al., 2018;
53  Nerantzaki et al, 2023). However, driven by synergistic effects of global warming and
54  anthropogenic forcing, extremes exhibit significant shifts in distributional characteristics (Gao et
55 al., 2018). Therefore, traditional models are not suitable for evaluating extreme changes in the
56  changing environment. To capture these changes, many studies have applied the Generalized
57  Additive Models for Location, Scale, and Shape (GAMLSS) (Rigby and Stasinopoulos 2005) to
58  address non-stationary problems in hydrological and meteorological extremes, enabling updated
59  risk analysis of evolving climate extremes (Lei et al., 2021; Shao et al., 2022; Jin et al., 2023; Li et
60  al., 2024). However, existing non-stationary analyses only focus on individual extremes, and the
61  potential non-stationarity of CCEs has not been established. The comprehensive assessment of
62  future changes in CCEs recurrence risk within a non-stationary framework is also lacking.

63 The Coupled Model Intercomparison Project Phase 6 (CMIP6) dataset is widely used in
64  climate change research, providing critical predictive understanding of forthcoming climate
65  changes (Singh et al., 2023; Wu et al., 2024; Zhang et al., 2024; Yuan et al., 2024; Feng et al., 2025).
66  While the CMIP6 dataset is applicable for global or large-scale studies, its relatively coarse spatial
67  resolution poses limitations for local-scale investigations (Kim et al., 2020; Abdelmoaty et al., 2021;

68  Zhang et al., 2024). To overcome this constraint, dynamical downscaling, which utilizes nested
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69  high-resolution regional climate models (RCMs), provides a critical technical pathway to
70  investigate climate response mechanisms at fine-scales (Tapiador et al., 2020; Rahimi et al., 2024).
71  Asanadvanced convection-permitting atmospheric modeling system, the WRF model significantly
72 enhances the simulation capability for meteorological processes at 1-10 km scales through its fully
73 compressible, non-hydrostatic dynamic core framework (Talbot et al., 2012). Current WRF-based
74  studies on CCEs predominantly rely on historical reanalysis data, focusing on attribution and
75  simulation verification of past events (Zhang et al., 2025; Saini and Rohtash, 2025; Deng et al.,
76  2025). Nevertheless, accurately projecting the evolving trends of future CCEs is crucial for
77  improving localized disaster resilience and enhancing water security.

78 In this study, we develop an innovative non-stationary framework for CCE projection through
79  dynamical downscaling of the bias-corrected CMIP6 (CMIP6bc) data, assessing recurrence risk
80  evolution during 2025-2065. We focus on the Minjiang River Basin (MRB), a subtropical monsoon-
81  dominated basin of southeastern China, where complex interactions between topography and
82  climate give rise to high-intensity compound hydroclimatic extremes. The analysis proceeds as
83  follows (Fig. 1): Supplement Section S1 presents the validation of CMIP6bc applicability. Section
84 3.1 characterizes the spatio-temporal patterns of CCEs under both a middle-of-the-road scenario
85  (SSP2-4.5) and a high-emissions scenario (SSP5-8.5). The non-stationarity detection of CCEs is
86  described in Section 3.2. The recurrence risk changes in CCEs under non-stationary conditions is
87  evaluated in Section 3.3. The work establishes a scientific basis for addressing the environmental
88  and climatic challenges posed by CCEs, thereby contributing to effective strategies for regional

89  sustainability and climate resilience.
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91  Fig. 1. Flowchart of CCEs projection in a non-stationary framework.
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92 2 Study region, methods and data

93 2.1 Study region

EGUsphere\

94 The MRB is a complex topographic basin in southeastern coastal China (Fig. 2a). The

95  Minjiang River, the main stream of the basin, drains an area of 60,992 km?*-accounting for nearly

96  halfFujian Province's territory. Encompassing three principal tributaries (Jianxi, Futunxi, and Shaxi

97  rivers), the MRB experiences a subtropical monsoon climate characterized by 1700 mm mean

98  annual precipitation and 18°C mean temperature. (Zheng et al., 2023). The basin displays spatio-

99  temporal heterogeneity in precipitation, with flood seasons from April to September that often

100  accompany CCEs.
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102 Fig. 2. Study area and model configuration. (a) Topographic features of the MRB (m) and (b) Model

103 configuration with 9-km (DO1) and 3-km (D02) nested domains (Zhang et al., 2025). Basemap

104  source: © Esri, https://services.arcgisonline.com
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105 2.2 Data

106 Fujian Provincial Meteorological Bureau provided daily precipitation and temperature records
107  from its 30 monitoring stations. Obtained from the Science Data Bank, the CMIP6bc dataset serves
108  as the foundation for this investigation (Xu et al., 2021, https://www.scidb.cn), which is constructed
109  using the ERAS. This dataset incorporates an 18-model CMIP6 ensemble mean, maintaining both
110 climatological mean and interannual variability statistics while preserving nonlinear temporal
111 trends. Compared with original CMIP6 data, CMIP6bc demonstrates superior performance in
112 extreme event simulation. The dataset used in this study covers the historical period (2005-2014)
113 and future scenarios under SSP2-4.5 and SSP5-8.5 (2025-2065). Moreover, the ERAS, as a widely
114 recognized forcing dataset, was used as a reference to evaluate the performance of historical
115  simulations (Arnault et al., 2021; Jiang et al., 2021; Varga and Breuer, 2022; Shang et al., 2022).
116 2.3 Definition of CCEs

117 This study considers four types of CCEs: hot-wet events (HW), hot-dry events (HD), cold-wet
118  events (CW) and cold-dry events (CD). We adopt the widely used thresholds (the 90th and 10th
119  percentiles) to identify CCEs (Croitoru et al., 2016; Song et al., 2019; Patel et al., 2024). We first
120  extract daily precipitation (>0.1 mm) and temperature data for each grid during 2025-2065, defining
121 the 90th and 10th percentiles as thresholds to identify hot/cold and wet/dry extremes, respectively.
122 Specifically, we define extreme temperature events as occurring when daily temperatures are higher
123 (hot extremes) or lower (cold extremes) than the threshold. Wet events are characterized by rainfall
124 surpassing the threshold (90th), while dry events are characterized by seven consecutive days

125  without rainfall.
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126 2.4 Model and experimental design

127 2.4.1 WRF model setup

128 This research utilizes the WRF Version 4.3 with two-domain nested configuration, featuring
129 grid spacings of 9 km and 3 km (Fig. 2b). Table 1 summarizes the optimal physics parameterization
130 schemes selected through our comprehensive sensitivity experiments (Lin et al., 2023; Zhang et al.,
131  2025). At sufficiently high model resolutions, deep convective processes can be explicitly resolved
132 (Arakawa and Jung, 2011). Therefore, the cumulus parameterization scheme is deactivated in the
133 inner domain (D02) to leverage convection-permitting capability. We first simulate daily
134  precipitation and temperature over the MRB from January 1, 2005 to December 31, 2014, using
135 both CMIP6bc and ERAS forcing data. Subsequently, future projections from January 1, 2025 to
136 December 31, 2065 are conducted using CMIP6bc under two climate projection scenarios.

137  Table 1 Settings for WRF model in this study.

WRF model setup overview Parameterization scheme settings
Forcing data CMIP6bc, ERAS Microphysics Purdue Lin (Chen and Sun, 2002)
Centre 118.02E°, 26.83N° Cumulus convection New Tiedtke (Zhang et al., 2011)
Grid 100%90, 142x130 Longwave radiation RRTMG (Mlawer et al., 1997)
Resolution 9km, 3km Shortwave radiation Dudhia (Dudhia, 1989)
E vert 45 Boundary layer YSU (Hong et al., 2006)
Spin-up time 7 days Land surface Noah-MP (Niu et al., 2011)

138 2.4.2 GAMLSS model

139 GAMLSS is a flexible statistical model used for analyzing distributions with non-stationary
140  characteristics (Rigby and Stasinopoulos, 2005). It extends the traditional generalized linear models
141  (GLMs) and generalized additive models (GAMs) by introducing joint modeling of all distribution
142 parameters (location, scale, and shape). Unlike traditional regression models, GAMLSS effectively
143 characterizes both linear and nonlinear dependencies linking predictors to response variables. (D.
144 M. Stasinopoulos and Rigby, 2007).

145 This study employs the semi-parametric GAMLSS, which accommodates parametric terms,
146 nonparametric smooth functions, and random effects within a unified modeling structure (Gao et
147  al, 2018). Consider z independent samples y;(i = 1,...,z) following a distribution F,(y;0;),
148  where the parameter vector 8;;7 = (61, 6;2, ..., 05 ) contains k components representing location

149  (Mn), scale (Var), and shape (skewness and kurtosis), with k normally not exceeding 4. Model
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150  selection is performed using Akaike's Information Criterion (AIC) (Akaike, 1974), with the optimal
151  configuration identified through minimum AIC values., and model fitting quality is assessed by the

152 Filliben correlation coefficient (Filliben, 1975). The GAMLSS is formally defined as follows:

153 900 = Bufic+ ) "y ()

154  where k denotes the indicator of distribution parameters, 6, is the distribution parameter vector,
155 @, representsn X j, matrix of covariate variables, S is the coefficient vector of length j.. gx(-
156 ) is the link function connecting distribution parameter to linear predictor. h;, (-) defines how the
157  distribution parameter varies with covariate variable x;, . To assess changes in CCE recurrence risk
158  across the MRB, we fit non-stationary GAMLSS models with two parameters (mean, variance) and
159  four parameters (mean, variance, skewness, kurtosis) at each grid point, selecting the optimal model
160  for subsequent analysis. Supplement Table S1 enumerates all distribution functions implemented
161 in our study. The R code for implementing GAMLSS model can be accessed at

162 https://github.com/gamlss-dev/gamlss.
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163 3 Results

164 3.1 Spatio-temporal patterns of CCEs under future scenarios

165 Figure 3 (a—j) illustrate the annual spatial distribution characteristics of CCEs in the MRB
166  during 2025-2065. Overall, total CCEs are higher under the SSP5-8.5 scenario (45.48 days) than
167  under the SSP2-4.5 scenario (42.58 days). Specifically, dry extremes (HD and CD), dominate the
168  MRB, while wet-related extremes (HW and CW) occur less frequently. Both hot extremes occur
169  more frequently under SSP5-8.5 than SSP2-4.5, with HW increasing from 0.84 to 1.33 days and
170 HD rising from 22.69 to 27.45 days. In contrast, cold extremes exhibit an opposite trend, with CW
171  decreasing from 3.17 to 2.15 days and CD declining from 15.88 to 14.19 days.

172 Spatially, both scenarios exhibit similar patterns in CCEs, with the highest frequency occurring
173 in downstream—especially HD and HW, Whereas HD showing a broader distribution, extending
174 to the Futun River and Jian River Basins. Furthermore, CW and CD follow a distinct west-to-east
175  increasing gradient, with highest values near the Jiufeng Mountains.

176 Temporally (Fig. 3 k—o0), the CCEs differ significantly between two emission scenarios. Under
177  high-emission SSP5-8.5, total CCEs increase markedly (3.55d/10a), whereas SSP2-4.5 projects
178  stabilized frequencies. Hot extremes (HW and HD) increase more rapidly under SSP5-8.5, with
179  nearly double rates than those under SSP2-4.5. In contrast, CD shows stronger declining trend under

180  SSP2-4.5 scenario, with approximately 1.7 times than SSP5-8.5.

10
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Fig. 3. Annual Spatio-temporal patterns of CCEs in the MRB from 2025 to 2065.
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183 Having analyzed the annual changes in CCEs, we further identify the seasonal variations of
184  CCEs. As shown in Fig. 4 (a—j), the spatial patterns of CCEs in summer generally align with annual
185  distributions, except for HW, which are rarely observed during this season. Even so, a marked rise
186  in HW under the SSP5-8.5 scenario is evident in the downstream MRB. In summary, total CCEs
187  increase during summer under both scenarios, but with a significantly faster rate under SSP5-8.5
188  (2.26d/10a and 0.79d/10a). Moreover, the differences in warm events (HW, HD) between scenarios
189  become more pronounced during summer than at the annual scale, while cold events (CW, CD)
190  show consistent patterns (Fig. 4 k—o).

191 Winter, however, exhibits a contrasting spatial trend. Fig. 5 (a—j) indicate that CCEs primarily
192 occur in the western MRB, particularly concentrated in the Futun River Basin, with higher
193 frequencies under the SSP5-8.5 scenario (11.87 days and 11.51 days). This shift primarily results
194  from the altered spatial distributions of warm extremes (HW and HD), which transition from the
195  downstream MRB to western mountainous areas. Meanwhile, cold extremes (CW and CD) continue
196  to show highest frequency in the Jiufeng Mountain areas. CCEs under SSP5-8.5 also maintain an
197  increasing trend (0.76d/10a), while SSP2-4.5 shows a slight decreasing tendency (Fig. 5 k—o).
198  Among these events, both wet extremes (CW and HW) show insignificant changes, while HD
199  exhibits an increasing trend (1.18d/10a and 0.46d/10a) and CD displays a decreasing tendency (—
200  0.50d/10a and —0.70d/10a).

201 Given that precipitation and temperature are crucial climate indicators, we calculate average
202  annual values for both over the MRB and investigate their interannual trends. (Supplement Fig. S2).
203  As shown in Fig. S2, precipitation shows slight variation, maintaining relatively stable annual
204  fluctuations. In contrast, temperature demonstrates marked upward progression, particularly
205  accelerated under high-emission SSP5-8.5 conditions (0.46°C/10a). Therefore, we hypothesize that
206  the variation of CCEs in the MRB is primarily controlled by temperature-driven physical processes
207  (with intensifying hot extremes coinciding with declining cold extremes.). Similar findings are also

208  revealed in earlier research (Wu et al., 2020; Zhao et al., 2024; Duan et al., 2024).

12
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212 Fig. 5. Same as Fig. 3 but showing results for winter (DJF).
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213 3.2 Non-stationary characteristics of CCEs

214 We examined the variations in both the mean (Mn) and variance (Var) to detect non-stationary
215  characteristics of CCEs (Fig. 6). The GAMLSS model demonstrated excellent fitting performance
216  for all indices except HW, as shown by Filliben coefficients exceeding 0.95 in Fig. S3.

217 Overall, CCEs exhibit a significant transition from stationary to non-stationary characteristics
218  between SSP2-4.5 and SSP5-8.5 scenarios. This shift is primarily driven by Mn non-stationary
219  changes, which dominated across 80.81% of grid points in the MRB. Additionally, 11.07% of grid
220  points are influenced by combined effects of both Mn and Var, primarily distributed in the Shaxi
221  River Basin and the downstream MRB. Both dry extremes (HD, CD) show a transition from Var to
222 Mn non-stationarity. Specifically, HD's Mn non-stationarity increasing from 22.65% to 57.03% of
223 grids and becoming dominant (60%) in downstream areas where stationarity previously prevailed
224 (54.71%). The Mn non-stationarity of CD also almost covered the entire downstream MRB. For
225  wet extremes (HW and CW), Mn and Var non-stationarity shows a notable increase, with HW
226  expanding from 34.30% to 54.02%, and CW experiencing a stronger rise from 0.06% to 23.25%.
227  In summary, CCEs under SSP5-8.5 demonstrate more pronounced non-stationary characteristics,
228  with dry extremes primarily driven by Mn changes and wet extremes influenced by combined Mn
229  and Var effects.

230 Figure 7 further illustrates the variations in Mn and Var of CCEs. It is clear that Mn exhibits
231  more pronounced variations compared to Var. For warm extremes, Mn exhibits significant increases
232 across the entire basin under both SSP2-4.5 and SSP5-8.5 scenarios (at the 99% confidence level),
233 indicating that climate warming predominantly amplifies the mean frequency of compound heat
234  extremes rather than their temporal variability. For cold extremes, CD exhibits more pronounced
235  variations compared to CW, and these changes remain predominantly driven by the reduction in
236  Mn. Overall, under the SSP5-8.5 scenario, Mn of CCEs shows a significant increase across nearly
237  the entire basin, while under the SSP2-4.5 scenario, it remains relatively stable. In contrast, Var

238  exhibits only slight changes under both scenarios.
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240  Fig. 6. Stationary and non-stationary characteristics for CCEs in the MRB (a-e and k-0), percentage
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247 3.3 Changes in the recurrence risks of CCEs

248 We fit both a non-stationary model and stationary models to investigate the changes in
249  recurrence risk of CCEs. Figure 8 (a-j) presents substantial differences in return period of CCEs
250  under stationary and non-stationary conditions. Our results reveal that stationary models
251  significantly underestimate the recurrence risks of CCEs in future decades, whereas non-stationary
252  models better capture their evolving characteristics. These discrepancies between the two models
253 become more significant over time.

254 Under the SSP5-8.5 scenario, non-stationary projections show significant increases in the 20-,
255  50-, and 100-year CCEs. Total CCEs are projected to increase at a rate of 3.12d/10a in 100-year
256  return period. Notably, the stationary models systematically underestimate the risks of CCEs after
257  2045. Specifically, the recurrence risks of HW (0.36d/10a and 0.15d/10a), HD (11.65d/10a and
258  2.53d/10a), and CW (0.30d/10a and 0.06d/10a) all show increasing trends, particularly under the
259  SSP5-8.5 scenario. In contrast, CD exhibits a decreasing trend, with a more rapid decline under the
260  SSP2-4.5 scenario (-3.38d/10a). The 100-year CCEs demonstrate higher sensitivity to climate
261  change, highlighting amplified non-stationary effects on these high-impact extremes.

262 We further quantify the deterministic trends of recurrence risks in CCEs based on the
263  Empirical Mode Decomposition (EMD, Supplement Method S1). Figure 8 k-t present the variations
264  in 100-year recurrence risks, while the complete results for all return periods are provided in
265  Supplement Fig. S4. Overall, CCEs show strong upward trends under the SSP5-8.5 scenario, along
266  with significant spatial heterogeneity. The frequency of CCEs generally shows a decreasing trend
267  from west to east, featuring concentrated high-risk regions in the Shaxi River Basin (some grid
268  points exceed 12d/10a). While all indices except CD show increasing trends, HD emerges as the
269  most severe, with basin-wide increases exceeding 8d/10a. In contrast, CD shows decreasing trends
270  in both scenarios, with a less pronounced decline under SSP5-8.5, suggesting that greenhouse

271  warming has not substantially mitigated recurrence risks associated with CD.
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276 4 Discussion

277 Although earlier research has highlighted the necessity of analyzing extreme events under non-
278  stationary conditions (Cheng et al, 2014; Byun and Hamlet, 2020; Liu et al., 2024), the evolution
279  of CCEs within a non-stationary climate remains lacking. This study develops an innovative non-
280  stationary framework to assess future recurrence risk changes in CCEs, combining WRF with
281  advanced GAMLSS. Our analysis suggests that traditional stationary models may underestimate
282  CCE frequencies. Therefore, updating risk assessments in time under non-stationary conditions is
283  essential to avoid misleading projections and support more robust climate adaptation strategies
284  (Abdelmoaty and Papalexiou, 2023). This innovative framework enables regional-scale
285  reassessment of CCEs which is transferable elsewhere.

286 The projected increase in CCEs is consistent with global trends of intensifying hydroclimatic
287  risks under continued warming (Asadieh and Krakauer, 2017; Zhang et al., 2021; Shu et al., 2024).
288  Yin et al (2025) indicate that hot-stagnation and hot-dry extremes as the most prevalent CCE types
289  in Eastern Asia, suggesting that temperature variations predominantly influence the occurrence of
290  CCEs in this region. Increasing empirical evidence (Li et al., 2021; Li et al., 2023; Engdaw et al,,
291  2023) reveals that sustained global warming is associated with a rising frequency of hot extremes
292 and a systematic decline in cold extremes. This reversal has been linked to enhanced radiative
293  forcing from anthropogenic greenhouse gas emissions (Samset et al., 2018; Kramer et al., 2021).
294 Our study reveals that future variations in CCEs are predominantly driven by climate warming-
295  induced mean-state shifts rather than enhanced variability. This aligns with global-scale findings
296 that thermodynamic effects (e.g., rising baseline intensity of extremes due to warming) dominate
297  mean-state changes (Horton et al., 2016; Van Der Wiel and Karin, 2021; Nordling et al., 2025).
298  Moreover, conventional stationary models, which rely on fixed statistical assumptions, may fail to
299  capture the escalating severity of future extreme events (Feng et al., 2020; Xu et al., 2025). Our
300 results empirically validate that non-stationary frameworks provide significantly improved
301  estimates of recurrence risk shifts in compound extremes compared to stationary models.

302 To refine coarse-resolution global climate models (GCMs) outputs, two prevalent downscaling
303  strategies have been established: dynamic and statistical techniques. (Sachindra et al., 2018; Xu et

304 al, 2019). Compared with traditional statistical downscaling approaches, the dynamical
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305  downscaling framework offers significant advantages in representing the physical mechanisms
306 (Gutmann et al., 2011; Guyennon et al., 2013). WRF model is adept at explicitly resolving
307  atmospheric dynamics, surface processes, and land-atmosphere feedback mechanisms (Powers et
308 al, 2017). This capability is especially crucial in the MRB, where complex terrain and significant
309  surface heterogeneity prevail. Furthermore, extensive research confirms that simulation fidelity
310  fundamentally depends on initial and boundary condition quality. (Comin et al., 2018; Gholami et
311  al, 2021; Bello-Milla et al., 2024). Therefore, instead of relying on traditional ensemble prediction,
312  we use bias-corrected CMIP6 dataset, addressing some of the uncertainties at their source. This
313  dataset has also been validated for its reliability (Zhang et al., 2024; Yang et al., 2025; Duan et al.,
314 2025).

315 Several limitations merit consideration in this study. Firstly, although dynamical downscaling
316  with the WRF model improves spatial resolution, systematic biases remain in precipitation
317  simulations over complex terrain. Secondly, the current GAMLSS framework only considers time
318  as a covariate. Future studies could integrate machine learning approaches for WRF output post-
319  processing (Yin et al, 2021; Xie et al, 2023) while simultaneously incorporating physical
320  covariates (e.g., climate drift, circulation indices) to enhance dynamical modeling frameworks
321  (Zeng et al., 2024; Ma et al., 2025).

322 5 Conclusions

323 Through this intensive case analysis, we establish a transferable framework for assessing the
324  non-stationarity of CCEs. This work advances the understanding of the evolution of CCE
325  recurrence risks under climate change and offers important perspectives to support adaptive
326  strategies and strengthen disaster risk governance. This study reveals the following important
327  findings.

328 1) CCEs increase significantly across the MRB, with trends under SSP5-8.5 (3.55d/10a) scenarios

329 surpassing those under SSP2-4.5 scenarios. HD extremes dominate spatially (downstream-
330 focused) and seasonally (summer-peaked), rising at 2.26d/10a, whereas cold extremes decline.
331 These shifts are primarily temperature-driven, as pronounced warming amplifies hot extremes
332 but suppresses cold extremes.

333  2) CCEs exhibit a pronounced shift toward Mn-dominated non-stationarity under SSP5-8.5

21



https://doi.org/10.5194/egusphere-2025-2438
Preprint. Discussion started: 16 June 2025 EG U
sphere

(© Author(s) 2025. CC BY 4.0 License.

334 scenarios, contrasting sharply with the stationarity in SSP2-4.5. Spatial analysis reveals that 80.8%
335 of the MRB is governed by Mn-driven non-stationarity under SSP5-8.5, with dry extremes (HD,
336 CD) showing the most abrupt transitions. For HD, Mn non-stationarity expands from 22.7% to
337 57.0% of the basin, dominating 60% of downstream grids, showing an increase of nearly three
338 times compared to SSP2-4.5. CD’s Mn-driven shifts cover >90% of the downstream MRB. Var
339 contributes minimally across both scenarios, confirming that warming amplifies extremes
340 primarily through baseline intensity shifts rather than stochastic fluctuations.

341  3) Non-stationary modeling reveals systematic underestimation of CCEs recurrence risks by

342 stationary approaches. Under SSP5-8.5 scenarios, most CCEs (except CD) exhibit increasing
343 recurrence risks. Climate change impacts are significantly amplified for 100-year CCEs
344 (3.12d/10a), as evidenced by their heightened non-stationary responses. Spatial analysis reveals
345 a distinct east-to-west gradient in recurrence risk, with significantly elevated risk observed in the
346 western mountainous areas.
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