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 26 
Abstract 27 

Hydroclimatic change is commonly assessed using gradual wetting or drying trends, yet 28 
many regions may shift among persistent wet, persistent dry, and transitional wet-dry 29 
states. The global geography of these regime transitions and their associations with land-30 
surface conditions and climate variability remain insufficiently quantified. This study 31 
aimed to identify global wet-dry regime transitions across historical and future periods 32 
and to evaluate how these transitions relate to land-surface characteristics and large-33 
scale climate variability. A stage-focused standardized index was developed to estimate 34 
terrestrial water-storage anomalies from monthly water-balance components, including 35 
precipitation, evapotranspiration, and runoff. The index was applied to global gridded 36 
observations from 1979 to 2023 and to CMIP6 projections. Four hydroclimatic regimes 37 
were classified: wet-gets-wetter, dry-gets-drier, wet-gets-dry, and dry-gets-wet. Land-38 
cover diagnostics and large-scale climate indices were used to examine associations 39 
among observed transitions, land-surface conditions, and ocean-atmosphere variability. 40 
Drying covered 52.9% of the global land area during 1979-2000, with persistent drying 41 
as the dominant regime. From 1979-2000 to 2001-2023, persistent drying remained the 42 
largest category but declined to 28.7%, followed by wet-gets-dry, wet-gets-wetter, and 43 
dry-gets-wet regimes, covering 22.7%, 24.4%, and 24.3% of global land, respectively. 44 
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Land-surface diagnostics showed stronger drying in croplands and urban areas, larger 45 
dry-to-wet transitions in wetlands, and elevated wet-to-dry transitions in barren regions. 46 
Climate diagnostics indicated that internal variability was linked to large-scale ocean-47 
atmosphere patterns, with the strongest association for the Arctic Oscillation and weaker 48 
but spatially coherent associations with the Pacific Decadal Oscillation, North Atlantic 49 
Oscillation, and Southern Oscillation Index. Under SSP585, the CMIP6 ensemble mean 50 
indicated an increase in wet-gets-wetter regimes to 35.2% by 2081-2100 and a reduction 51 
in transitional regimes. These findings provide a global diagnostic framework for 52 
identifying wet-dry regime transitions and highlight regions where land-surface 53 
sensitivity and climate variability may amplify persistent drying, hydroclimatic 54 
instability, and risks to future adaptation. 55 
Keywords: Climate; Drought; CMIP6; Sustainability 56 

INTRODUCTION 57 

Droughts are characterized by extended periods of water deficit (1) and can severely 58 
affect regional economies, ecosystems, and public health (2–4). They often arise from 59 
global-scale climate variability involving ocean–atmosphere interactions, which drive 60 
their development and persistence across seasonal, interannual, and decadal timescales 61 
(5). Climate change and global warming can exacerbate the risks of droughts and floods 62 
(6, 7). The “dry gets drier (DD), wet gets wetter (WW)” paradigm has recently received 63 
considerable attention (8–10). Studies have been conducted on the concept of the DD–64 
WW paradigm for historical and future periods and have revealed that certain 65 
uncertainties persist in characterizing past changes (7, 11), with evidence supporting the 66 
DD–WW paradigm derived from oceanic data rather than land observations (5, 12). For 67 
example, Greve et al. (2014) analyzed hydrological datasets and reported that only 10.8% 68 
of the global land area exhibited a distinct DD–WW pattern (10). Feng and Zhang (2015) 69 
reported that only 15.12% of cases followed the DD–WW paradigm, based on soil 70 
moisture (SM) data (13). These studies highlight the complexity of land-use changes 71 
indicated by the DD–WW paradigm. Thus, additional analysis is required to better 72 
understand the DD–WW paradigm for effective water resource management strategies. 73 

The selection and diversity of methodologies are key challenges that can lead to 74 
variability and uncertainty in analyses (10, 13–15). The present study employs a storage-75 
residual signal derived from the monthly water budget, which utilizes precipitation, 76 
actual evapotranspiration (AET), and runoff. Furthermore, it integrates the storage-77 
centric standardized index (SPEI-SR) to assess dryness and wetness, as well as their 78 
transitions. This approach investigates the storage residual driver and its potential regime 79 
shifts, thus providing a novel perspective on the coupling between climatic and 80 
hydrological processes over land. 81 

Unlike previous studies on the DD–WW paradigm, our analysis incorporated outputs 82 
from Coupled Model Intercomparison Project Phase 6 (CMIP6) models across different 83 
shared socioeconomic pathways (SSPs), which rely primarily on historical observations. 84 
Using SPEI-SR calculations, our methodology enabled us to quantify trends in dryness 85 
and wetness under the DD–WW paradigm. Using this approach, the outputs represented 86 
current and future transitions under different climate scenarios, thereby comprehensively 87 
evaluating the suitability of the paradigm. We classified land areas into four 88 
hydroclimatic transition states: persistent wetting, persistent drying, wet-to-dry reversal, 89 
and dry-to-wet recovery. Our goals are to: i) quantify the global and regional extent of 90 
these states; ii) determine whether transition behaviors vary across different land cover 91 
and land use types; and iii) explore how transition variability relates to large-scale 92 
ocean–atmosphere modes. By connecting these transition diagnostics to land-surface 93 
and climate-system contexts, we established a framework for understanding where and 94 
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why drought-related hydroclimatic changes are intensifying, reversing, or recovering 95 
worldwide. 96 

MATERIALS AND METHODS 97 

Hydroclimatic datasets 98 

Historical reanalysis data (ERA5) and future climate model outputs were used to study 99 
the DD–WW paradigm. We used the CMIP6 models under seven SSPs: 245 and 585 100 
from 2023 to 2099 (Table S1). The models were interpolated to a resolution of 0.25° to 101 
match the historical datasets. In addition, we utilized the TerraClimate global monthly 102 
dataset for climate and water-balance data, obtained from the University of Idaho 103 
Climatology Lab via https://www.climatologylab.org/terraclimate.html, to derive the 104 
aridity index-based DD–WW paradigm. This dataset offers continuous fields on a ~1/24° 105 
(~4 km) grid from 1979 to the current year, and is detailed in (16). It includes variables 106 
such as precipitation (P), reference potential evapotranspiration (PET) calculated using 107 
the Food and Agricultural Organization of the United Nations (FAO-56) Penman–108 
Monteith method, AET, runoff (Q) derived within TerraClimate's monthly water-balance 109 
framework, and SM. Furthermore, to capture land surface feedback and understand 110 
water balance dynamics, precipitation and evaporation anomalies were analyzed along 111 
with SM and runoff data. We also evaluated land-surface effects on hydroclimatic 112 
transition states using annual Moderate Resolution Imaging Spectroradiometer (MODIS) 113 
land-cover data from 2001 to 2023, assigning each grid cell to its dominant land-cover 114 
class across the analysis period. These land-cover classes were grouped into broad 115 
categories, such as forest, shrub/grass/savanna, wetland, cropland, urban, and barren 116 
land, for comparison with the mapped transition states. Irrigation intensity was assessed 117 
using data from the FAO Global Map of Irrigation Areas. Gridded areas equipped for 118 
irrigation were used to classify irrigation levels and to derive cropland-specific gradients. 119 
To study large-scale climatic influences, we incorporated monthly and seasonal climate 120 
indices representing key ocean–atmosphere variability modes, including the Pacific 121 
Decadal Oscillation (PDO), Arctic Oscillation (AO), Northern Oscillation Index (NOI), 122 
and gridded Southern Oscillation Index (SOI). PDO was analyzed as a monthly time 123 
series, AO as a monthly atmospheric index, NOI as a seasonal index, and SOI as a 124 
gridded anomaly field. These datasets helped us link interannual variations in the 125 
proportions of the WW, DD, WD, and DW states to broad-scale atmospheric and oceanic 126 
variability. 127 

Storage-centric standardized index 128 

We diagnosed drought (DD–WW paradigm) using a storage-residual signal derived from 129 
the monthly water budget: precipitation minus AET minus runoff (Equation 1). In 130 
physical terms, this metric reflects the amount of water added to or depleted from 131 
terrestrial storage, primarily through SM and seasonal snow. We then created a multi-132 
month signal by summing this residual over fixed periods (such as 3 and 12 months) and 133 
converted it into a standardized index called SPEI-SR. Standardization was based on 134 
each grid cell’s long-term baseline (1979–2023), which enabled comparisons across 135 
space and time. Negative values indicated storage deficits or drought, whereas positive 136 
values indicated storage gains or increased wetness. Considering AET as an indicator of 137 
plant water stress under atmospheric demand and moisture limitation, and removing 138 
runoff, filters out quick-flow losses and focuses the analysis on root-zone storage 139 
relevant to vegetation and low flows. The resulting storage-residual tendency is: 140 

𝑅𝑡 = 𝑃𝑡 − AET𝑡 − 𝑄𝑡     (1) 141 
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We standardized the accumulated 𝑅𝑡  k-month sums using a Gaussian approximation, 142 
which is reasonable for aggregated hydroclimatic anomalies and helps avoid parametric 143 
misspecification, as alternative month-by-month parametric fits (e.g., log-logistic) 144 
produce similar z-scores for 3–12-month windows.  145 

(i) k-month accumulation  146 

𝑆𝑡
(𝑘)

  =   ∑ 𝑅𝑡−𝑖
𝑘−1
𝑖=0      (2) 147 

(ii) Standardization 148 

SPEI-SR𝑡
(𝑘)

  =   𝛷−1 (𝐹𝑚(𝑆𝑡
(𝑘)

)) ,  𝑚 = month(𝑡)   (3) 149 

where 𝐹𝑚 is the baseline CDF for the calendar month 𝑚, and 𝛷−1 is the standard normal 150 
quantile.  151 

The canonical standardized precipitation evapotranspiration index (SPEI) employs 152 
P−PET with a monthly probability model, often a log-logistic distribution, mapped onto 153 
a standard normal distribution. However, the choice and formulation of PET can 154 
introduce uncertainty and artifacts related to warming into drought assessments, 155 
particularly in arid and energy-limited environments. Using AET avoids reliance on PET 156 
methods and directly indicates actual evaporative losses under moisture limitations. This 157 
approach aligns with existing AET-based drought indicators, such as the Evaporative 158 
Stress Index (17), and with storage-based drought assessments that utilize the Gravity 159 
Recovery and Climate Experiment terrestrial water storage deficits (18), both of which 160 
emphasize hydrological impacts over potential demand. Our method applies SPEI-like 161 
standardization to a residual storage driver, supplements meteorological indices, and 162 
provides a more relevant perspective for ecohydrology. 163 

Aridity indices  164 

The United Nations Environment Programme (UNEP) aridity index uses annual sums, 165 

defined as 𝐴𝐼𝑦 =
∑ 𝑃𝑡𝑡∈𝑦

∑ 𝑃𝐸𝑇𝑡𝑡∈𝑦
. Here, P and PET are the monthly precipitation and potential 166 

evapotranspiration, averaged across years of 𝐴𝐼̅̅ ̅ and used to classify land surfaces in to 167 
the following categories: Hyper-arid (𝐴𝐼̅̅ ̅ < 0.03), Arid (0.03 ≤ 𝐴𝐼̅̅ ̅ < 0.2), Semi-arid 168 
(0.2 ≤ 𝐴𝐼̅̅ ̅ < 0.5) , Dry sub-humid (0.5 ≤ 𝐴𝐼̅̅ ̅  < 0.65) , and Humid (𝐴𝐼̅̅ ̅ ≥ 0.65) . 169 
Regions with 𝐴𝐼̅̅ ̅ < 0.65 are referred to as “drylands.” To attribute changes in runoff and 170 
SM, the predictand 𝑌𝑡 ∈ {𝑄′𝑡, 𝑆𝑀′𝑡} was regressed on contemporaneous and antecedent 171 
driver anomalies up to a lag of 𝐿 = 6 months: 172 

𝑌𝑡 = 𝛼 + 𝛽0
(𝐸)

 𝑃𝐸𝑇′𝑡 + 𝛽0
(𝑃)

 𝑃′𝑡 + ∑𝐿
ℓ=1 (𝛽ℓ

(𝐸)
 𝑃𝐸𝑇′𝑡−ℓ + 𝛽ℓ

(𝑃)
 𝑃′𝑡−ℓ) + 𝜀𝑡  (4) 173 

We then decomposed the fitted signal into a direct component 𝐷𝑡 = 𝛽0
(𝐸)

 𝑃𝐸𝑇′𝑡 +174 

𝛽0
(𝑃)

 𝑃′𝑡  and a memory (lagged) component 𝐿𝑡 = ∑ (𝛽ℓ
(𝐸)

 𝑃𝐸𝑇′𝑡−ℓ + 𝛽ℓ
(𝑃)

 𝑃′𝑡−ℓ)𝐿
ℓ=1 , 175 

with pathway trends 𝛽̂dir = slope(𝐷𝑡) , 𝛽̂lag = slope(𝐿𝑡) , and 𝛽̂tot = 𝛽̂dir + 𝛽̂lag . 176 
Memory timescales are the lags that maximize the Pearson correlation between 𝑌𝑡 and 177 
the driver anomalies: 𝜏𝑃 = argmaxℓ∈{1,…,𝐿}corr(𝑌𝑡, 𝑃′𝑡−ℓ)  and 𝜏𝑃𝐸𝑇 =178 
argmaxℓcorr(𝑌𝑡, 𝑃𝐸𝑇′𝑡−ℓ), with corresponding maxima 𝑐𝑃  and 𝑐𝑃𝐸𝑇 . Hydroclimatic 179 
transition classes were determined based on the signs of water-state trend changes in 180 
grid cells during the baseline and recent periods. Grid cells exhibiting negative trends in 181 
both periods were labeled dry–dry (DD), whereas those with positive trends in both 182 
periods were labeled wet–wet (WW). Grid cells transitioning from negative to positive 183 
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trends were designated as dry–wet (DW), and those shifting from positive to negative 184 
trends were labeled wet–dry (WD). The aridity index was independently used to 185 
categorize these transition classes across dryland and humid hydroclimatic regimes. 186 

Hydroclimatic transitions under the DD–WW paradigm 187 

We divided the analysis results into 1979–2000 and 2001–2023 datasets. We then 188 
grouped regions according to their SPEI-SR trends. Four categories were defined: (1) 189 
wet gets wet (WW), (2) dry gets dry (DD), (3) wet gets dry (WD), and (4) dry gets wet 190 
(DW). Categories 3 and 4 are transitional categories. Regions with no valid data were 191 
excluded from the classification. This methodology produced a detailed spatial 192 
representation of hydroclimatic shifts under the DD–WW paradigm. We applied a spatial 193 
mask using a shapefile of global boundaries to restrict the analysis to valid land areas. 194 
Visualizations of the final classifications were created using a custom color map to 195 
emphasize the development of significant and nonsignificant trends. The land area 196 
percentages for each category were also calculated. Significant trends prevailed in humid 197 
and arid regions, whereas transitional trends were observed in semiarid zones. This 198 
enabled a robust examination of changes in hydrological regimes by integrating SPEI-199 
SR trends across both periods to account for temporal variability and the impact of 200 
climate change. Historical data spanning 1979–2023 were used as the reference period. 201 
Future simulations under the SSPs were divided into two periods, 2041–2060 and 2081–202 
2099, to compute the DD–WW paradigm results and their transitions according to the 203 
reference period. 204 

Results  205 

Historical hydroclimatic regime frequencies and DD–WW paradigms  206 

State-space clustering of monthly precipitation, PET, and SM revealed a distinct 207 
reorganization of hydroclimatic state residences during the historical period (Fig. S1). 208 
Globally, the dry state expands and intensifies along the subtropical belts (typically by 209 
+10–30 percentage points [pp]), while wet-state persistence decreases on tropical 210 
margins (−10–20 pp); transition months increase across mid–high latitudes. Regionally, 211 
the Amazon core remains wet; however, its southern and eastern edges shift from 212 
approximately 70–90% wet months to 50–70%, with transitions up by 10–20 pp, and 213 
dry pockets reaching 20–40%. In the Sahara–Sahel, the core desert remains 214 
approximately 80–100% dry, whereas the Sahelian fringe intensifies from 40–60% to 215 
60–80% dry (+20 pp). The Arctic becomes even more variable, with the transition rising 216 
from 60–80% to 80–95%. Western North America shows a strong aridification trend, 217 
with dry months increasing from 50–70% to 60–85% (+10–20 pp). Southern Europe 218 
shifts from 50–70% to 70–90% dry (+15–25 pp). Across South Asia, wet persistence 219 
weakens along the Indo-Gangetic plains (60–80% to 40–60%), while dry periods grow 220 
(10–30% to 20–40%), and the transition increases by approximately 10–20 pp. In 221 
Australia, the northern and eastern subtropics shift from 60–80% to 70–90% dryness 222 
frequency. These patterns are reflected in key land-use areas: the Brazilian agricultural 223 
belt experiences a reduction in wet residence frequency (from 60–80% to 40–60%), with 224 
dry conditions reaching approximately 20–40%; Southeast Asian agricultural and 225 
deforested zones contract from 70–90% to 50–70% wet; urban areas across India record 226 
a combined transition and dry increase to approximately 50–70% (+10–20 pp); China’s 227 
urban regions are dominated by approximately 60–80% transitional conditions, with 228 
modest dry gains concentrated in the North China Plain; and Central Africa’s 229 
deforestation margin sees wet conditions decline from 70–90% to 50–70%, 230 
accompanied by a transition of 10–20 pp. These percentage changes indicate 231 
hydroclimatic intensification consistent with the dry-gets-drier and wet-gets-wetter 232 

https://doi.org/10.5194/egusphere-2026-4696
Preprint. Discussion started: 18 August 2026
c© Author(s) 2026. CC BY 4.0 License.



6 
 

paradigm: increased dry-season persistence driven by strengthening subsidence and 233 
atmospheric demand, and a corresponding loss of wet-season persistence as rising PET 234 
offsets precipitation gains. Because these metrics measure residence time in wet, dry, 235 
and transition states rather than averages alone, they highlight hotspots of regime 236 
persistence and volatility that are directly relevant to drought risk, irrigation water needs, 237 
runoff reliability, and urban water management security. 238 

The SPEI-SR trends revealed wet (53.1%) and dry (46.9%) areas from 1979 to 2000, 239 
whereas the WW–DD transitions indicated transitions from wet to dry (WD) and dry to 240 
wet (DW) from 2001 to 2023 (Fig. 1a, b). Persistent drying (DD) became the dominant 241 
transition state, covering 30.7% of the global land surface (Fig. 1b). Persistent wetting 242 
(WW) accounted for 23.3%, whereas the wet-to-dry (WD) and dry-to-wet (DW) 243 
transitions accounted for 23.7% and 22.3%, respectively. These results indicate that 244 
recent hydroclimatic changes were characterized not only by persistent drying, but also 245 
by substantial reversals between wet and dry phases, underscoring the heterogeneous 246 
nature of global hydroclimatic transitions.  247 

Global DD–WW patterns and response times in runoff and SM 248 

Fig. 2(a) shows the UNEP aridity classes, which align with the typical geography of 249 
global drylands. There are hyper-arid and arid belts across the Sahara, Arabia, and 250 
Central Asia, as well as in interior Australia. Semi-arid and dry sub-humid areas are 251 
found along the edges of monsoon zones. Humid conditions are common in parts of 252 
South America and Africa, maritime Southeast Asia, and at high northern latitudes. 253 
Combining the baseline regime with the sign of the change yields a four-class taxonomy 254 
Fig. 2(b). The DD class dominates large parts of the subtropical belts and continental 255 
interiors, particularly in the UNEP drylands of H2 and H7 and the interior of H4. The 256 
WD class emerges along humid margins and monsoon transition zones, such as the 257 
Mediterranean fringe in H5 and parts of South and East Asia near L2 and L4, indicating 258 
dynamical drying in previously wet areas. The WW class was most common at high 259 
northern latitudes (H3) and within certain monsoon cores. In contrast, the DW class 260 
emerged locally in high-latitude transition zones and in select monsoonal domains, 261 
where increased moisture supply offsets PET growth. Furthermore, the total modeled 262 
trends in Q in Fig. 2(c) show widespread drying across arid belts, especially in H2, H7, 263 
and the interior of H4, with some wetting at high latitudes (H3) and in parts of the humid 264 
tropics, where precipitation increases exceed PET growth. The total SM trends in Fig. 265 
2(d) closely mirror Q but exhibit a smoother spatial structure and more extensive 266 
negative areas within drylands and along monsoon margins, reflecting the integrative 267 
nature of SM and vegetation–soil interactions. For example, in H1 (Amazon) and L2 268 
(SE Asia agricultural/deforested regions), mixed Q tendencies coexisted with strong 269 
memory signatures, as deep soils and vegetation recycled and stored moisture; localized 270 
SM declines in L2 were compatible with deforestation-driven changes in evaporative 271 
demand and rooting depth. H2 (Sahara–Sahel) shows coherent negative Q and SM 272 
tendencies at the semi-arid to dry sub-humid fringe, aligning with its DD classification, 273 
while allowing for local DW pockets driven by circulation variability. H3 (Arctic) 274 
presents positive Q tendencies consistent with increasing precipitation, snow-to-rain 275 
shifts, and longer liquid seasons, whereas SM patterns reflect the interplay of thaw, 276 
drainage, and vegetation changes. H4 (western North America) features widespread 277 
runoff and SM drying across the interior drylands, with patchy wetting in the orographic 278 
belts. H5 (southern Europe) exhibits a coherent WD signature, consistent with poleward-279 
shifted storm tracks and warmer summers. H6 (South Asia) exhibits mosaics of DW and 280 
WD across monsoon transition zones, with signs depending on onset/retreat dynamics 281 
and remote SST forcing. H7 (Australia) shows strong contrasts between the arid interior 282 
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(drying) and eastern maritime belts (patchy wetting), echoing the known multi-decadal 283 
variability. 284 

The response time quantifies the propagation behavior captured by the regressions. τ for 285 
Q, relative to P in Fig. 2(e) is generally short (≈1–2 months) across most regions, 286 
especially within arid belts (H2 and H7) where runoff adjusts rapidly to precipitation 287 
events. τ for Q relative to PET′ in Fig. 2(f) is longer (≈3–6 months) and spatially 288 
structured, indicating that evaporative demand influences Q primarily via storage-289 
mediated pathways (soil, groundwater, and snow). In humid and cold regions (H1, H3; 290 
mountainous parts of H4/H5), τ_PET_Q lengthens as water resides in slow stores before 291 
contributing to flow. For SM, τ to P in Fig. 2(g) is short to moderate (≈1–3 months), 292 
shortest in arid zones, and lengthens under cool climates or in deeper soils. τ to PET in 293 
Fig. 2(h) is the longest of the four (≈4–6 months) over humid and high-latitude regions 294 
and in L2–L4, reflecting cumulative drawdown by sustained evaporative anomalies. 295 
These timescales are consistent with independent estimates of soil-moisture memory 296 
(∼1–>6 months) and its projection to streamflow, providing external validity for the 297 
attribution. Taken together, the results indicate that direct climate forcing explains most 298 
month-to-month Q variability globally, while memory (lagged) contributions and longer 299 
τ become prominent in regions where soils, aquifers, and seasonal snow integrate 300 
anomalies. The same structure holds for SM, with a stronger imprint of memory in 301 
humid and high-latitude climates. This pattern of change aligns with thermodynamic and 302 
dynamical expectations. A warming atmosphere increases moisture-holding capacity 303 
and PET, thereby amplifying existing dry–wet contrasts (“thermodynamic contrast”). In 304 
addition to this primary trend, circulation changes (storm-track shifts, monsoon onset 305 
and withdrawal), cryospheric storage–release processes, and land–atmosphere 306 
interactions generate regional variability expressed as WD and DW, especially in 307 
monsoon margins (H5, H6), orographic transition zones, and high latitudes (H3).  308 

 Large-scale land-surface controls and climate associations with the DD–WW paradigm   309 

The four transition states were unevenly distributed across land cover types (Fig. 3a, c). 310 
DD was most common in cropland and urban areas, occupying 35.69% and 35.67% of 311 
these regions, respectively, and remained relatively high in forests at 34.80%. 312 
Conversely, wetlands had the lowest DD proportion (31.71%) and the highest dry-to-313 
wet transitions (DW) (30.45%). Barren lands showed a share of wet-to-dry transitions 314 
(WD) of 30.20%, while shrub/grass/savanna areas were more evenly distributed among 315 
the four transition categories. These patterns suggest that land surface properties 316 
influence the translation of atmospheric wetting and drying signals into hydrological 317 
responses. Wetlands, with their higher storage capacity and buffering, align with the 318 
higher DW share, whereas barren areas, with limited infiltration and weak subsurface 319 
storage, may reduce the efficiency of converting climatic wetting into hydrological 320 
recovery, thus favoring WD. Higher DD fractions in croplands and urban areas are also 321 
plausible, as land conversion and impervious surfaces can increase runoff, decrease 322 
infiltration and recharge, and sustain hydrological persistence under drying conditions. 323 
These findings align with broader evidence that land-cover changes affect runoff, 324 
infiltration, and groundwater recharge, with wetlands and urban surfaces representing 325 
contrasting extremes in the storage–runoff spectrum (19, 20). 326 

The irrigation analysis provided a more specific anthropogenic perspective. Globally, 327 
the proportion of WD increased from 23.66% in areas with very low irrigation to 34.21% 328 
in highly irrigated regions, whereas DW decreased from 23.21% to 14.70% (Fig. 3b, d). 329 
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DD was most prevalent in low-to-moderate irrigation zones (33.40% and 32.67%, 330 
respectively) and was less prevalent in the highest irrigation zone (26.06%). When 331 
focusing on croplands, a similar trend was observed: DD decreased from 38.43% in low-332 
irrigation croplands to 32.63% in highly irrigated croplands, WD increased from 18.66% 333 
to 27.82%, and DW decreased from 22.56% to 15.72%. This pattern indicates that higher 334 
irrigation intensity does not simply lead to increased hydrologic wetting, but rather 335 
reflects a redistribution across transition states, with less persistent drying and a stronger 336 
inclination toward WD. The explanation for this phenomenon is that irrigation modifies 337 
land–atmosphere and surface–water balances to buffer drying signals and increase the 338 
decoupling between climate and hydrology. Increased irrigation may weaken DD 339 
persistence but does not lead to sustained wetting. Previous studies have shown that 340 
irrigation can alter evapotranspiration, energy partitioning, runoff, and land–atmosphere 341 
coupling (21–23). 342 

Climate-related analysis indicated that this interannual variability was linked to large-343 
scale ocean–atmosphere fluctuations, although not in a manner that permits formal 344 
attribution. In the annual correlations, WW was negatively associated with PDO, AO, 345 
and NOI, whereas WD was positively associated with all three indices (Fig. S2). DD 346 
exhibited the strongest negative correlation with AO, and DW showed the strongest 347 
positive correlation with AO and a weaker positive correlation with PDO. The phase 348 
comparison supports this pattern: positive PDO and AO phases corresponded to larger 349 
fractions of WD and DW and smaller fractions of WW and DD, whereas positive NOI 350 
aligned with larger DD and WD but smaller WW and DW. Given the modest correlation 351 
magnitudes, these relationships should be interpreted as indications of large-scale 352 
climatic associations that support a physical interpretation rather than direct causality. 353 
SOI composites add context to these transition states. Years with high values across all 354 
four classes mostly coincided with negative SOI anomalies, with the most negative 355 
global-mean SOI during DW and WW years and the least negative during WD years 356 
(Fig. S2d–g). Negative SOI values are indicative of an El Niño–like atmospheric 357 
background; therefore, the composites suggest that widespread transitions tend to occur 358 
within a broadly negative SOI environment, although the intensity of that background 359 
varied among the four classes.  360 

Overall, the results showed that the transition states reflected the long-term 361 
hydroclimatic regime, whereas the year-to-year prevalence of WW, DD, WD, and DW 362 
was correlated with broader atmospheric and oceanic variability. The clearest signal was 363 
from AO, particularly in its negative association with DD and positive association with 364 
DW, whereas PDO exhibited a weaker but consistent contrast between the persistent and 365 
transition states. NOI displayed a more selective pattern centered on WD and DD. This 366 
indicates that both annular-mode variability and Pacific decadal variability are known to 367 
reorganize circulation and hydroclimatic anomalies, and that the SOI reflects the large-368 
scale atmospheric component of the El Niño–Southern Oscillation (24, 25).  369 

Future scenarios of the DD–WW paradigm 370 

Under future warming, wet patterns will remain widespread, but the spatial organization 371 
of transition states will vary by timescale, period, and emission pathways (Figs. 4 and 372 
S3). During SSP585, the mid-century period (2041–2060) exhibited broader large-scale 373 
stability, especially across Europe, North America, sub-Saharan Africa, and parts of Asia, 374 
while more transitional behaviors (WD and DW) continued in South Asia and the Sahel 375 
(Fig. 4a, b, c, d). On the shorter SPEI-3 timescale, the transition structure showed greater 376 
spatial variability, whereas the longer SPEI-12 timescale displayed a more unified 377 
pattern, with fewer WD and DW transitions and a clearer division between persistent 378 
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WW and DD regions (Fig. 4). In northern latitudes, WW trends were predominant, 379 
whereas in semiarid regions, DD became more prominent, indicating that the temporal 380 
scale strongly affected the detection of transient versus persistent hydroclimatic 381 
responses. The SSP585 ensemble further emphasized these differences across timescales 382 
and periods (Fig. 4). On the shorter timescale, WW increased from 28.8% in 2041–2060 383 
to 35.2% in 2081–2099, DD increased from 18.6% to 24.4%, WD decreased from 20.8% 384 
to 13.7%, and DW decreased from 31.9% to 26.7%. Over the long term, WW increased 385 
from 29.1% to 36.2%, DD increased from 17.9% to 22.3%, WD decreased from 20.4% 386 
to 12.7%, and DW decreased from 32.6% to 28.7%. Both timescales suggest a trend 387 
toward more persistent wetting and drying conditions in the late century, with 388 
diminishing transitional states. The regional responses under the moderate emissions 389 
scenario (SSP245) showed greater variability across different scales. However, 390 
additional analysis indicated a consistent trend of sustained WW and DD states with 391 
fewer transitional WD and DW states, particularly at longer timescales (Fig. S3).  392 

Kernel density estimation-based smoothed evaporation (ΔE) and precipitation (ΔP) 393 
anomalies across six major river basins (e.g., Amazon, Yangtze, Ganges, Nile, 394 
Mississippi, and Murray-Darling) exhibited stronger drying trends throughout under 395 
SSP585, with intense WD > DD transitions prevalent within the Amazon, Ganges, and 396 
Mississippi Basins (Figs. S4–S5: Supplementary Information: S2.2). In contrast, a more 397 
balanced transition, with some wetting patterns retained in the Amazon, Yangtze, and 398 
Nile Basins, was used in SSP245. The DW and WD classifications showed greater 399 
variability, particularly in the semi-arid regions (such as South Asia and southern Africa) 400 
(Fig. 4). These classifications highlight the seasonal variability induced by moderate 401 
emissions and their sensitivity to emission pathways in semi-arid and monsoon-402 
dependent areas. However, the larger scale was more compact, with more apparent 403 
boundaries between the DD and WW trends (Fig. 4). A dominant WW trend was 404 
observed in northern Europe, while DD trends were amplified in arid regions, such as 405 
the Sahel (26, 27). The responses of the WD and DW classifications were more variable, 406 
especially in dynamic areas (e.g., southern Africa and Central America). The extent of 407 
this high variability reflects the near-term uncertainties that are associated with extreme 408 
emission scenarios.  409 

Discussion and implications 410 

The DD–WW paradigm describes hydrological changes in historical and future periods. 411 
The global application of the DD–WW paradigm does not adequately capture the range 412 
and types of land hydrological responses to climate forcing. A regional hotspot 413 
breakdown showed that area-specific effects of changing precipitation patterns caused 414 
dryness. Southern Europe’s transition toward dryness is consistent with the projected 415 
increasing aridity of the Mediterranean (28) through water availability and agricultural 416 
production concerns. The combination of WD and DD in northern Africa reflects 417 
increasing aridity and drought vulnerability (29, 30). These trends are particularly 418 
concerning, given the region’s existing water stress and reliance on scarce water 419 
resources. In contrast, sub-Saharan Africa exhibits a mix of DW and WW, suggesting 420 
some relief from wet conditions and the potential for improved water availability. 421 
However, these trends are insignificant, indicating that hydrological changes in the 422 
region are variable and complex. These results suggest that DD–WW changes are 423 
occurring, but these variations are not sufficient to confidently be attributed to long-term 424 
trends; data uncertainty or internal variability may play a role in these results (5). 425 
However, the observed wetness may affect agriculture, water resource management, and 426 
flood risk. The drying trends are accentuated in the high-emissions SSP scenario (Fig. 427 
4), as observed in the Amazon for the 2081–2099 period, with dominant wet-to-dry 428 
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transitions. A decrease in monsoon reliability is associated with water stress, and this 429 
“wet-to-dry” trend is more pronounced under the SSP585 scenario than under the 430 
SSP245 scenario. The mixed transitions indicate regional variability resulting from local 431 
climate patterns and differing water management practices in the agricultural and land-432 
use regions (L2 and L4).  433 

The SSPs showed increased numbers of WD transitions with stronger signals, as 434 
reported by (31, 32). These transitions are particularly concerning, as they indicate shifts 435 
in water availability that could exacerbate drought risks and reduce the resilience of 436 
ecosystems and agricultural systems. These findings are consistent with those of a 437 
previous study (33), indicating similar dry patterns. The risks associated with climate 438 
change are increasing, and scale-dependent variations in risk provide insights into the 439 
short- and long-term climatic impacts under both SSPs. This aligns with the results of 440 
subsequent studies, that is, (34), SSP-based climate response, and (35) on controls on 441 
global precipitation under global warming. Historical WW patterns account for 47.1% 442 
of the global land area, while 22.7% of the global land area is transitioning from wet 443 
conditions to drier conditions: the “drier in dry, wetter in wet” paradigm. Under SSP585, 444 
the WD transition is less than the historical transition, ranging between 20.8% (2041–445 
2060) and 13.7% (2081–2099). In our study, this value was slightly larger than those in 446 
previous studies (10, 13), suggesting that different data and methods affected the 447 
coverage of the transitional areas.  448 

The regional response varies significantly under the SSP245 scenario. Large DW and 449 
WD transitions occurred at short-term SPEI-SR scales, primarily in regions with 450 
monsoon climates (South Asia) (36, 37) and transitional zones (Sahel) (38). Divergent 451 
responses are distinct in terms of vulnerability across temporal scales in Africa. 452 
Localized variability in DW and WD classifications is evident in transitional zones, such 453 
as the Sahel, at finer temporal scales (Figures S6–S9). However, a significantly stronger 454 
dominance of DD over longer periods indicates long-term drought hazards associated 455 
with medium and high emissions. This finding agrees with that of (39), who reported 456 
increased drought risk in these regions under warming scenarios and suggested that 457 
short- and long-term responses must be considered. The differences observed between 458 
the two scales suggest that assessing climate at different temporal resolutions can isolate 459 
a comprehensive range of climatic responses. Smaller scales offer insight into more 460 
localized, short-term variability and provide critical information for understanding 461 
immediate climatic impacts and refining adaptation strategies. However, a larger scale 462 
provides long-term trends, regional stability, and a broader outlook, given the systemic 463 
impact of the emission pathways. Taken together, these analyses reveal how divergence 464 
occurs under multiple SSPs, highlighting the urgency for robust mitigation strategies to 465 
address both near- and long-term climate risks. 466 

The findings underscore that both statistically significant and nonsignificant trends in 467 
hydrological changes should be considered. Significant trends provide robust evidence 468 
of the occurrence of changes (Fig. 1). Nevertheless, nonsignificant trends indicate that 469 
changes have occurred (in general) without the consistency or strength required to 470 
achieve statistical confidence. Although the resulting trends are significant and 471 
nonsignificant, these patterns suggest emerging trends and guide adaptive management 472 
strategies for river basins, where declines have been reported and may continue under 473 
climate change (40). Thus, the significance of these observations is considerable, as this 474 
study provides a basis for historical and future periods, and could also serve as a 475 
constraint for regional and global studies in this domain. However, the direct 476 
consequences for water resource management, agriculture, and ecosystems include 477 
trends in wetness and dryness, which remain challenging. Increased wetness poses 478 

https://doi.org/10.5194/egusphere-2026-4696
Preprint. Discussion started: 18 August 2026
c© Author(s) 2026. CC BY 4.0 License.



11 
 

flooding and waterlogging risks in some regions, while a shift toward dryness increases 479 
drought and water scarcity risks globally. These trends highlight that spatial variability 480 
necessitates water resource management and climate adaptation at local scales, informed 481 
by the specific challenges and opportunities of each region and supported by more robust, 482 
consistent data. However, multimodal ensemble simulations can improve estimates of 483 
the WW–DD paradigm, thus reducing uncertainty. 484 

Overall, the global patterns of the WW, DD, WD, and DW states can be best understood 485 
as the combined result of persistent hydroclimatic background conditions and their 486 
modulation by land-surface and large-scale climate variability. Although persistent 487 
drying primarily drives the overall global transition structure, reversals between wetting 488 
and drying remain common and play a significant dynamic role. Land-surface analysis 489 
revealed that factors such as vegetation cover, wetland storage, cropland extent, urban 490 
surfaces, and irrigation affect the translation of climatic signals into hydrological 491 
responses. Climate diagnostics indicate that the year-to-year variability of these 492 
transition states is linked to broad ocean–atmosphere patterns, especially the AO and, to 493 
a lesser extent, the PDO, NOI, and SOI. These findings offer a more physically grounded 494 
understanding of global hydroclimatic transitions and demonstrate that their spatial and 495 
temporal variability is shaped by persistent climatic tendencies and the land-surface and 496 
atmospheric conditions under which they occur. 497 
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 629 

Fig. 1: Dry‒dry (DD), wet‒wet (WW), and DD–WW paradigm classification, with transitions from wet 630 
to dry (WD) and dry to wet (DW). a) SPEI-SR 3-month scale linear trend for the period 1979–2000, based 631 
on values greater than or less than 0 (>0 = wet, <0 = dry); b) SPEI-SR 3-month scale linear trend based 632 
for the baseline period 1979–2000 extended to 2001–2023, indicating whether the areas are transitioning 633 
from wet to dry or dry to wet relative to the baseline period. Percentages represent the proportion of grid 634 
points in each category. Solid boxes indicate synthetic hotspots H1–H7: H1 Amazon; H2 Sahara–Sahel; 635 
H3 Arctic; H4 Western North America; H5 Southern Europe; H6 South Asia; and H7 Australia. Black 636 
boxes indicate land-use domains L1–L5: L1 Brazil Agriculture; L2 SE Asia Agriculture/Deforestation; L3 637 
India Urban; L4 China Urban; and L5 Central Africa Deforestation. 638 
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 640 

 641 

Fig. 2: (a) UNEP aridity classes (hyper-arid to humid). (b) DD/WW taxonomy based on the UNEP 642 
dryness split (AI_UNEP < 0.65). (c–d) Total modeled trends in Q and SM (direct and lagged 643 
components). (e–h) Response times (τ, months) of Q and SM to P′ and PET′, respectively. Red 644 
solid boxes indicate synthetic hotspots H1–H7: H1 Amazon; H2 Sahara–Sahel; H3 Arctic; H4 645 
Western North America; H5 Southern Europe; H6 South Asia; H7 Australia. Blue dashed boxes 646 
indicate land-use domains L1–L5: L1 Brazil Agriculture; L2 SE Asia Agriculture/Deforestation; 647 
L3 India Urban; L4 China Urban; L5 Central Africa Deforestation. 648 
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 650 

Fig. 3: Land-surface controls on the DD–WW paradigm. (a) Dominant MODIS land-651 
cover class during 2001–2023. (b) Irrigation-intensity classes derived from FAO 652 
GMIA v5. (c) Area-weighted distribution of transition states across major land-653 
cover classes. (d) Area-weighted distribution of transition states across cropland 654 
irrigation levels.  655 
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 657 

Fig. 4: Future hydroclimatic transition states under SSP585 across short (3-month) and long (12-month) 658 
SPEI timescales. The figure shows ensemble transition states for SPEI-3 and SPEI-12 during 659 
2041–2060 and 2081–2100, compared to the 1979–2023 baseline. WW indicates wet-to-wet 660 
persistence, DD dry-to-dry persistence, WD wet-to-dry transitions, and DW dry-to-wet 661 
transitions. Insets show the ensemble mean SPEI time series, while box plots depict regional 662 
SPEI distributions in selected hotspot and lower-signal regions.  663 
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