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Abstract 26 

Distortion of the water cycle, particularly of its extremes (droughts and pluvials), 27 

will be among the most conspicuous consequences of climate change.  We applied a 28 

novel approach with terrestrial water storage observations from the GRACE and 29 

GRACE-FO satellites to delineate and characterize 1,056 extreme events during 30 

2002-2021.  Dwarfing all other events was an ongoing pluvial that began in 2019 and 31 

engulfed central Africa.  Total intensity of extreme events was strongly correlated 32 

with global mean temperature, more so than with the El Nino Southern Oscillation 33 

or other climate indicators, suggesting that continued warming of the planet will 34 

cause more frequent, more severe, longer, and/or larger droughts and pluvials.  In 35 

three regions, including a vast swath extending from southern Europe to 36 

southwestern China, the ratio of wet to dry extreme events decreased substantially 37 

over the study period, while the opposite was true in two regions, including sub-38 

Saharan Africa from 5°N to 20°N. 39 

 40 

Main Text 41 

Floods and droughts account for more than 20% of the economic losses caused by 42 

extreme weather events in the U.S. each year, ranked 2nd following hurricanes among all 43 

major disasters (https://www.drought.gov/news/high-cost-drought), and their human toll is 44 

most devastating in poor and developing nations1.  Numerous publications describe the 45 

latest theories on how the water cycle and its extremes are being modulated by climate 46 

change2–9. However, suspected systematic, continental to global changes in hydrological 47 

extremes are difficult to verify10,11. Such verification and better quantification of how the 48 



frequency and intensity of hydrological extremes may be responding to climate change 49 

would be valuable for improving preparedness, mitigating impacts, and communicating the 50 

urgency of the current situation.     51 

 52 

  53 

Many previous large-scale studies of water storage variations during droughts and 54 

pluvials (periods with relatively large amounts of precipitation, i.e., the opposite of 55 

droughts) focused on soil moisture and snow and were conducted using hydrological 56 

models12–14.  However, such models contain considerable uncertainty due to deficiencies 57 

in their input data and simplified physics15–17.  For example, atmospheric re-analysis-58 

products frequently used to drive hydrological models are prone to underestimating 59 

extreme precipitation18 and are subject to large uncertainties at high elevations and during 60 

snow events19 and, therefore, are likely to misrepresent the occurrence and severity of 61 

floods.   62 

We applied satellite gravimetry based observations of terrestrial water storage (TWS) 63 

anomalies20 from the Gravity Recovery and Climate Experiment21 (GRACE) and GRACE 64 

Follow-On22 (GRACE-FO) satellite missions (hereafter GRACE/FO) to study hydrological 65 

extremes and their extent, frequency, and duration during 2002-2021.  Because 66 

GRACE/FO measures water storage changes in the entire vertical profile, it provides a 67 

more complete quantification of hydrological response to extreme events than do other 68 

types of observations.  The efficacy of GRACE/FO in detecting and quantifying water 69 

cycle extremes has been demonstrated in numerous contexts23–34.  We employed an 70 

objective, spatial-temporal clustering algorithm35 to identify contiguous regions 71 



experiencing wet/dry extreme conditions without pre-defined boundaries (see Methods).  72 

It yielded 505 wet clusters and 551 dry clusters (excluding those that fell entirely in the 73 

GRACE/FO gap period; Table 1).  About 70% of the events lasted 6 months or less and 74 

about 10% of them lasted 12 months or more, with average durations of 5 to 6 months 75 

(Table 1).  We ranked the most intense events in each continent and globally, determined 76 

using an intensity metric32 that is based on spatially and temporally accumulated TWS 77 

anomalies.   78 

                                        79 

Results 80 

The most intense wet and dry events 81 

The intensity metric integrates three aspects of an event: TWS anomaly (equivalent 82 

height of water), horizontal extent, and duration.   Hydrological extremes evaluated using 83 

TWS differ from those based on accumulated precipitation, soil moisture, or streamflow 84 

data.  Specifically, TWS has a wider range of variability than soil moisture, its anomalies 85 

are commonly more persistent than those of either soil moisture or streamflow, and it 86 

represents the combined effects of all hydrological fluxes36.  The seven most intense wet 87 

and dry events during the study period are mapped in Figure 1, along with time series 88 

showing how their TWS anomalies evolved.  The overall most intense extreme water cycle 89 

event since 2002 was a 31,354 km3mo pluvial covering most of sub-Saharan Africa above 90 

10°S.  This event caused Lake Victoria to rise by over 1 m, with flooding in the surrounding 91 

region37.  Remarkably, it was ongoing as of December 2021 and dwarfed the next most 92 

intense event, a 11,896 km3mo pluvial covering much of central and eastern North 93 

America38 during 2018-2021.  The third most intense wet event (10,713 km3mo) occurred 94 



in Australia during 2011-2012 and is notable both for ending the Millennium Drought33 95 

and for causing sea level briefly to decline24. The most intense dry event (-10,513 km3mo) 96 

observed by GRACE/FO was a short but severe, record-breaking drought39 in northeastern 97 

South America during 2015-2016.  A 2019-present drought (-6,245 km3mo) that 98 

encompasses the Cerrado region of Brazil threatens hydroelectric power production40 and 99 

may soon become the second most intense dry event in the GRACE/FO record.   Similarly, 100 

the ongoing drought in southwestern North America (-4,557 km3mo) has caused water 101 

levels in two of the biggest reservoirs in the U.S., Lakes Mead and Powell, to decline to 102 

dangerously low levels41.  A pan-European dry event (-5,689 km3mo) briefly ended in 2021 103 

based on our criteria, but water levels remained below normal and the drought reignited in 104 

2022, causing several rivers to approach historic lows and straining energy supplies42.  A 105 

2009 pluvial (7,260 km3mo) in the Amazon25 that caused major flooding also appears in 106 

Figure 1.  Figures ED1 and ED2 map the top 30 wet and top 30 dry events as the fraction 107 

of time during which each grid cell experienced wet/dry conditions during the period of 108 

the event.  Among other historic events, the 2012 drought (-4,098 km3mo) that affected 109 

most of the contiguous U.S.43 ranked as the tenth most intense dry event. Australia’s 110 

Millennium Drought33 was identified by the clustering algorithm as three smaller events 111 

(not ranked in the top 30), which, taken together, would have ranked as the 14th most 112 

intense drought.   113 

On the whole, there were nearly 10% more dry (551) than wet (505) events identified 114 

by the clustering algorithm (a difference significant at the 99.5% confidence level, based 115 

on Chi-squared testing), while average event extent and duration were similar between the 116 

two types of events, both for the 30 most intense events and overall (Table 1).  On the other 117 



hand, only two dry events exceeded magnitude 7,000 km3mo, whereas four wet events did 118 

so, including three that exceeded 10,000 km3mo and one three times that size. At the end 119 

of the study period, major extreme events were ongoing in central Africa (31,354 km3mo), 120 

southern Africa (5,199 km3mo), southern Brazil (-6,245 km3mo), and southwestern North 121 

America (-4,557 km3mo), which were four of the 14 most intense events in the 19-year 122 

record, and that’s not including the revived drought in Europe.  As discussed below, the 123 

global total intensity of major extreme events appears to be increasing as the world warms. 124 

  125 

Hydroclimatic variability and change 126 

To investigate interannual variability and drivers of extreme TWS events, we examined 127 

changes in worldwide intensity and other extreme event metrics during the study period, 128 

and their relationships with hydroclimatic oscillations and indicators.  Prior to 2019, total 129 

monthly intensity (the sum of the absolute values of the inner integral of equation 1 over 130 

all active dry and wet events) remained within a well-defined range, about 400 to 2,600 131 

km3mo, before rapidly increasing to a high of 4,900 km3mo in 2021 (Figure 2).  The El 132 

Niño Southern Oscillation (ENSO) had an apparent influence, with the maximum TWS 133 

anomalies of the top 3 wet events having occurred in either La Niña or El Niño years 134 

(shaded in gray in Figure 2) and the minimum TWS anomaly of the top dry event having 135 

occurred in an El Niño year.  In addition, the warmest seven years in the meteorological 136 

data record, at the time of writing, were 2015-2021.  During that period, the frequency of 137 

the most extreme (top 30 wet and top 30 dry) events was 4 per year, compared with 3 per 138 

year in the previous 13 years.  Global monthly total dry and wet event intensities were 139 

significantly correlated (r = -0.57 and r = 0.63) with global mean temperature (a negative 140 



correlation indicates that events become drier with rising temperature).  The number and 141 

average severity of dry events, assessed at the global scale, were even better correlated (r 142 

= 0.64 and r = -0.74 at 0- and 11-month lags) with global mean temperature, and average 143 

duration and total extent were also well correlated (r = 0.51 at 12-month lag and r = 0.43 144 

unlagged).  Similarly, global mean temperature was well correlated with wet event average 145 

severity (r = 0.58 at 12-month lag), average duration (r = 0.47 at 11-month lag), and total 146 

extent (r = 0.60 at 12-month lag).  All of these correlation coefficients (which are compiled 147 

in Table ED1) are significant at the 0.95 confidence level. 148 

Beyond significance testing, to assess the robustness of the apparent linkage between 149 

global mean temperature and extreme hydroclimatic events, we computed correlations 150 

among the same five extreme event metrics and six major climate indices that are known 151 

to modulate terrestrial hydroclimate including TWS44–46: the Southern Oscillation Index 152 

(SOI; an ENSO indicator), the Trans Nino Index (TNI), the Pacific Decadal Oscillation 153 

(PDO), the North Atlantic Oscillation (NAO), the Atlantic Multidecadal Oscillation 154 

(AMO), and the Dipole Mode Index (DMI).  Of the 60 resulting dry and wet event 155 

correlation coefficients, only one exceeded 0.50: average duration of wet events vs. DMI 156 

(r = 0.55 unlagged).  Five others exceeded 0.40, including total wet event intensity vs. DMI 157 

(r = 0.41 at 12-month lag), while the majority were much lower.  Despite the oft-presumed 158 

dominance of ENSO, the largest correlation coefficient between SOI and any wet or dry 159 

event metric was 0.29 (4-month lag) with wet event total intensity.  Taken together, these 160 

results suggest that rising temperatures may be driving an increase in the total intensity and 161 

related metrics of hydroclimatic extreme events that cannot be attributed to the sporadic 162 

occurrence of ENSO or other climate oscillations.  While causation remains unproven, it 163 



would be counterintuitive for extreme water cycle events to drive global mean temperature, 164 

and it is unlikely that the catalyst of temperature increase, greenhouse gas accumulation, 165 

would effect hydroclimatic extreme events directly.  On the other hand, warmer air boosts 166 

evaporative demand during dry events47 while raising the amount of atmospheric moisture 167 

available (i.e., imported from the ocean or other regions) to fuel wet events48, perhaps 168 

leading to an intensification of the water cycle and increased TWS variability49,50.  169 

Figure 3 illustrates how the evident effects of global warming on extreme event 170 

intensity vary across the four Köppen-Geiger climate zones.  The largest overall 171 

correlations were between global mean temperature and monthly wet event intensity in 172 

tropical and continental climates (both r = 0.67 at 11- and 12-month lags).  Wet events in 173 

the tropical zone had by far the greatest mean TWS anomalies of the four climates (Table 174 

ED2).  In the continental zone, duration is a bigger component of wet event intensity than 175 

in the other zones.  In dry climates, the influence of global temperature on wet event 176 

intensity was insignificant, while other climate oscillations were bigger factors, including 177 

SOI (r = 0.62 at 5-month lag) and NAO (-0.57 at 12-month lag).  The largest global 178 

temperature correlations with dry event intensity were found in tropical climates (r = -0.64 179 

unlagged; Figure 3), which makes sense because high temperatures increase actual ET 180 

where it is energy limited, as is often the case in tropical regions.  The overall most intense 181 

dry event occurred in the Amazon, a tropical climate, during the hottest year, 2016, thus 182 

likely contributing to the strong correlation.  Even more so than with wet events, TWS 183 

anomalies of dry events in tropical regions dwarfed those in other climates (Table ED3), 184 

reflecting the large dynamic range of TWS in wet tropical regions.  However, the 185 

correlation between intensity and global temperature in dry climates was also large (r = -186 



0.61 at 12-month lag), which supports half of the “wet-gets-wetter, dry-gets-drier” 187 

(WWDD) hypothesis of hydroclimatic change51.  Event duration appears to be an important 188 

component of intensity in dry regions (Table ED3).  189 

Certain geographical regions exhibited coherence of changing frequency of wet and 190 

dry extreme events.  Figure 4 shows the location, year of maximum TWS anomaly, and 191 

intensity of the 551 dry and 505 wet events.  Five polygons delineate regions of coherence.  192 

In southwestern North America, the frequency of wet events decreased while most dry 193 

events occurred during the second half of the study period (see also Figure ED3).  The 194 

series of droughts in the southwestern U.S. after 2012, exacerbated by groundwater 195 

pumping to support irrigated agriculture, is well documented52.  Clear shifts from a 196 

preponderance of wet events to predominantly dry events are also apparent in southeastern 197 

Brazil and within a vast swath from southern Europe across the Middle East and Arabian 198 

Peninsula to southwestern China and Bangladesh.  The tendencies in southwestern North 199 

America and southeastern Brazil generally corroborate IPCC AR6 predictions of 200 

precipitation change (recognizing that extreme hydroclimatic event occurrence and 201 

precipitation are related but not equivalent), while the tendency in the Arabian Peninsula 202 

partly contradicts them: IPCC AR6 predicts increased precipitation there11.  In sub-Saharan 203 

Africa and west central South America, there were more dry events in the first half of the 204 

period and more wet events in the second half.  The former tendency is consistent with the 205 

IPCC AR6 consensus prediction of large percentage increases in precipitation across most 206 

of northern Africa, but the latter is inconsistent with them.  There were not enough events 207 

in every polygon to perform statistically significant correlation analyses with global mean 208 

surface temperature, but the tendencies suggest that the first group is responding to global 209 



warming with more (and greater total intensity of) dry events and fewer (smaller total 210 

intensity of) wet events, and vice versa in the other two regions. 211 

Considering ENSO’s well established influence on global precipitation patterns53, it is 212 

worthwhile to evaluate its relationship with extreme event tendencies in these five regions.  213 

La Nina dominated the second quarter of the study period and also the last two years 214 

(Figure 2).  The only strong El Nino occurred in 2015-2016, i.e., about midway through 215 

the second half of the study period.  Thus, we might expect a general trend from La Nina 216 

to El Nino type wetness conditions in regions where a teleconnection has been documented, 217 

if ENSO is, in fact, a dominant driver of extreme events.  Both Sub-Saharan Africa and 218 

northern South America are known to receive more rainfall during La Nina than during El 219 

Nino54.  However, dry events dominated the first half of the study period and wet events 220 

dominated the second half (Figure 4), suggesting that something other than ENSO 221 

controlled extreme hydroclimatic event frequency during the study period in these two 222 

regions.  In the southwestern U.S. and northern Mexico, more rainfall typically occurs 223 

during El Nino than during La Nina54.  However, the first half of the period was dominated 224 

by extreme wet events while extreme dry events dominated the second half in this region, 225 

again suggesting that ENSO was not the primary driver.  In the other regions outlined in 226 

Figure 4, the effects of ENSO were more ambiguous.   227 

Figure 4 also displays the zonal average years of occurrence for wet and dry events.  In 228 

the equatorial region (15°S to 15°N), wet events occurred more frequently and dry events 229 

less frequently towards the end of the study period.  The opposite was true in the northern 230 

mid-latitudes (15°N to 50°N).  Noting the general trend of global warming during the 231 



period (Figure 2), these tendencies support the WWDD hypothesis.  Tendencies in other 232 

latitude bands were equivocal.   233 

 234 

Discussion 235 

With a data record that exceeds 20 years, GRACE and GRACE-FO enable 236 

identification and quantification of extreme hydroclimatic events globally, in terms of 237 

TWS anomalies and associated metrics, that were not previously possible.  For decades, 238 

precipitation data have served as the basis for a majority of investigations of water cycle 239 

extremes, though observations of surface waters, soil moisture, and evapotranspiration are 240 

also employed55.  Because they integrate the effects of precipitation, runoff, and ET (which 241 

itself has multiple controls), TWS data and the intensity metric in particular enable a more 242 

holistic understanding of hydroclimatic extreme event depth, extent, and duration.  Making 243 

use of these data and a novel clustering algorithm, we have presented a new ranking of the 244 

most intense water cycle events of the past two decades.  The approach is reproducible, so 245 

that ongoing and future extreme events can continue to be delineated and assessed, making 246 

use of data from GRACE-FO and its proposed successor, the Mass Change mission56.  This 247 

will be important given our finding that global monthly intensity of extreme hydroclimatic 248 

events is increasing as the world warms, which is consistent with the Intergovernmental 249 

Panel on Climate Change Sixth Assessment Report’s medium-to-high confidence 250 

conclusion that the severity (defined differently) of extreme water cycle events is 251 

increasing11.   About one third of the global top 30 wet and top 30 dry events were located 252 

in South America, which is logical considering the relative strength and variability of its 253 

water cycle57.  The most intense extreme events increased from about 3 to 4 per year after 254 



2015, just as global temperatures began to hit a series of record or near-record highs.  A 255 

tendency towards more wet events and fewer dry events was observed in the equatorial 256 

region (15°S – 15°N).  In contrast, between 15°N and 50°N the number of dry events 257 

increased in the latter half of the study period while the number of wet events decreased, 258 

which is concerning in the context of future freshwater availability (but positive from a 259 

flood hazard perspective) because roughly half of the world’s population lives in that zone.  260 

If this portends a drier future, there could be dire consequences for human health, food 261 

security, human migration, and regional unrest and conflict.    262 

 263 

Methods 264 

We used GRACE/FO products developed by the Center for Space Research (CSR) at 265 

the University of Texas20 in our analyses.  The products were generated using a mass 266 

concentration (mascon) technique, constrained with a time-variable regularization matrix 267 

based on GRACE/FO information only during the derivation of gravity fields from satellite 268 

ranging measurements.  This approach better preserves GRACE/FO signals as it eliminates 269 

the need for the type of postprocessing required by the spherical harmonic method20,58.  The 270 

CSR data were provided on a 0.25° global grid, which facilitated separation of the ocean 271 

and land signals.  However, the effective spatial resolution is significantly coarser due to 272 

the limitations of the observing technique and instruments: around 150,000 km2 at mid-273 

latitudes59,60.  Although GRACE began collecting observations in April 2002, the April 274 

and May 2002 data are highly uncertain due to instrument calibration, and June and July 275 

2002 data are missing.  Therefore, we used GRACE/FO data from August 2002 to 276 

December 2021 in this study.  277 



Because long-term trends can cause misidentification of extreme events, we excluded 278 

regions that are known to be experiencing anthropogenic groundwater depletion.  These 279 

included California’s Central Valley, Northern India, and the North China Plain61.  280 

Greenland, the Gulf of Alaska, and Patagonia, where ice sheet and glacier ablation have 281 

caused significant TWS decreases, were also excluded.  Our delineation of these regions 282 

followed an earlier study61.   283 

The 11-month gap (July 2017 to May 2018) between the GRACE and GRACE-FO 284 

missions and 18 additional missing months of data were filled using TWS output from a 285 

global GRACE/FO data assimilating instance62 of the Catchment land surface model63 286 

(CLSM).  CLSM-simulated TWS comprises soil moisture, groundwater, snow water 287 

equivalent, and canopy interception water storage.  CLSM does not simulate surface water 288 

or permanent ice, whose changes are detected by GRACE/FO.  The lack of simulated 289 

surface water is unlikely to have a significant effect on our results because CLSM 290 

effectively carries surface water as additional groundwater (in the real world, the two are 291 

sometimes considered to be a single resource64).  Further, only 29 of the 233 months of the 292 

study period relied on data assimilation output. Regions with permanent ice cover were 293 

excluded from the analysis, as previously stated.  Due to CLSM’s inability to simulate 294 

groundwater extraction, it may underestimate TWS dynamics in regions where 295 

groundwater withdrawals exacerbate TWS losses during droughts. By excluding regions 296 

with secular trends due to groundwater depletion and by filling only short gaps, we have 297 

already minimized that potential source of error. Nevertheless, considering these 298 

limitations and the fact that CLSM-simulated TWS is less effectively constrained during 299 



the 11-month gap period, we excluded from our analysis any extreme events (described 300 

below) that occurred entirely within that gap period.       301 

Due to our focus on large extreme events and considering the coarse effective 302 

resolution of GRACE/FO observations, we first aggregated the 0.25° CSR data (with gaps 303 

filled by TWS from the GRACE/FO data assimilation simulation) to a 2° grid, which 304 

balances the effective resolution with our ability to define regions satisfactorily.  For a 305 

given month in any 2° grid cell, wet or dry conditions were flagged if the standardized 306 

TWS anomaly (based on the location-specific mean and standard deviation) was greater 307 

than one or less than negative one (thereafter this is referred to as the one-σ threshold), 308 

respectively. Assuming a normal distribution, the one-σ threshold yields wet or dry 309 

conditions 16% of the time.  Based on the drought categories of the U.S. Drought 310 

Monitor65, dry conditions identified with the one-σ threshold encompass exceptional, 311 

extreme, and severe droughts and some moderate droughts.         312 

The ST-DBSCAN spatial and temporal clustering algorithm35 was used to amalgamate 313 

contiguous, flagged, wet and dry data points into wet and dry events.  Wet events only 314 

comprise wet points and dry events only comprise dry points.  ST-DBSCAN employs a 315 

spatial radius (R) and a time interval to define a search domain around a wet/dry cell. 316 

Because extreme events are naturally contiguous in space and time, we set R to 250 km, 317 

which is long enough to span two adjacent 2° grid cells at the equator, and we set a one-318 

month interval, so that wet or dry cells from the two months adjacent to the current month 319 

were included in the search domain.  A minimum number of neighboring data points (Nmin) 320 

determines if a cell should be identified as a core point and given a cluster label. The 321 

process repeats for all cells neighboring the core point, and any neighboring core points 322 



receive the same cluster label. We confirmed that R=250 km and a one-month interval, 323 

Nmin=12 yielded an optimal set of clusters by examining intra-clustering distance, the 324 

averaged distance of all wet/dry cells to the centroid of a cluster, and inter-cluster distance, 325 

the distance between the centroids of two clusters.  326 

In our analyses, wet or dry severity at a grid cell was defined as the standardized 327 

(divided by the temporal standard deviation) TWS anomaly, and the severity of an event 328 

was computed as the average severity over all cells currently exceeding the one-σ 329 

threshold.  The intensity (km3mo) of a given event, I, was defined32 as the sum of the 330 

individual wet/dry grid cell TWS anomalies (cm equivalent height of water converted to 331 

km) multiplied by the associated grid cell areas (km2), summed over the duration (months): 332 

 333 
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 334 

where Aij  and Yij are the cell area and seasonal TWS anomaly (equivalent height of water 335 

relative to the long term mean for that month and location) at grid cell i and time j; M is 336 

the total number of dry or wet cells at time j; and T is the duration (number of months) of 337 

an event. Hence, intensity is a hydroclimatic event metric that incorporates water surplus 338 

or deficit (TWS anomaly), duration, and extent. Naturally, intensity is positive for wet 339 

events and negative for dry events.   340 

Global characteristics (number, intensity, extent, duration, and severity) of extreme wet 341 

and dry events were calculated by summing (intensity and extent), averaging (severity and 342 

duration), or counting (number) over all active events. As needed, the timing of an 343 



individual event (e.g., Figures 2 & 4) was determined based on the month of the maximum 344 

absolute, non-seasonal TWS anomaly (km3).  The location where an event persisted longest 345 

determined the climate class to which it belonged (Figures ED1 and ED2).  All correlations 346 

were computed as standard Pearson correlation coefficients and significance was 347 

determined using the t-statistic, 348 

 349 

  𝑡 ൌ 𝑟ඥሺ𝑁 െ 2ሻ/ሺ1 െ 𝑟ଶሻ (2) 

 

where r is the correlation coefficient and N is the number of samples in the time series.  350 

The monthly seasonal cycle was removed from the global mean temperature (GISTemp) 351 

time series prior to computing correlation coefficients.  In Figure 2, the GISTemp time 352 

series was smoothed using 6-month sliding window averaging, but smoothing was not 353 

applied prior to the correlation analysis. 354 

 355 

Data Availability 356 

The GRACE/FO products (CSR GRACE/GRACE-FO RL06 Mascon Solutions, 357 

version 02) used in our analyses are available from the University of Texas Center for 358 

Space Research (https://www2.csr.utexas.edu/grace/RL06_mascons.html).  The output 359 

from a global GRACE/FO data assimilating instance of the Catchment land surface model 360 

(GRACEDADM_CLSM025GL_7D 3.0) used to fill the 11-month gap between the 361 

GRACE and GRACE-FO missions and 18 additional missing months is available from the 362 

Goddard Earth Sciences Data and Information Services Center 363 

(https://disc.gsfc.nasa.gov/datasets/GRACEDADM_CLSM025GL_7D_3.0/).  The 364 



climate oscillation indicator data can be downloaded from the NOAA Physical Sciences 365 

Laboratory (https://psl.noaa.gov/data/climateindices/list/ and 366 

https://psl.noaa.gov/gcos_wgsp/Timeseries/DMI/).  The global mean temperature data are 367 

available from the NASA Goddard Institute for Space Studies 368 

(https://data.giss.nasa.gov/gistemp/).  Köppen-Geiger climate map data are available for 369 

download from http://koeppen-geiger.vu-wien.ac.at/present.htm.   Key data66 including 370 

those used to create the four main text figures are available from 371 

https://doi.org/10.5281/zenodo.7599831.  372 

 373 

Code Availability 374 

The python code for the ST-DBSCAN clustering algorithm was obtained from the 375 

Github repository, https://github.com/gitAtila/ST-DBSCAN.  Statistical analyses were 376 

performed and figures were generated using NCL software. 377 

 378 

Acknowledgements 379 

This study was funded by NASA’s GRACE-FO Science Team and NASA’s Energy 380 

and Water Cycle Study (NEWS) program. Computing resources supporting this work were 381 

provided by NASA’s High-End Computing (HEC) Program through the NASA Center for 382 

Climate Simulation (NCCS) at Goddard Space Flight Center.  GRACE and GRACE-FO 383 

were jointly developed and operated by NASA, DLR, and the GFZ German Research 384 

Centre for Geosciences. 385 

 386 

Author Contributions 387 



M.R. designed the study with input from B.L. B.L. led the clustering, correlation, and 388 

uncertainty analyses with input from M.R.  M.R. designed the figures and B.L. created 389 

them.  M.R. and B.L. discussed the results and wrote the manuscript. 390 

 391 

Competing Interests   392 

The authors claim no competing interests.  393 

Tables 394 

 continent number of 
events 

average extent 
(max extent, 

106 km2) 

average 
duration (max 

duration, 
months) 

wet events Eurasia 239 0.38 (2.3) 6 (39) 
North America 122 0.33 (2.8) 6 (33) 
South America 66 0.53 (2.4) 6 (20) 
Africa 56 0.52 (7.8) 5 (34) 
Australia 22 0.58 (3.9) 6 (33) 

dry events Eurasia 266 0.35(3.0) 6 (34) 
North America 112 0.34 (2.6) 6 (43) 
South America 77 0.47 (2.8) 6 (22) 
Africa 65 0.56 (2.6) 6 (25) 
Australia 31 0.49 (1.6) 5 (11) 

Table 1. Summary of wet and dry events in five continents. 395 

 396 

Figure Captions 397 

Figure 1. The most intense wet and dry events. Spatial extents of (a) the top seven most 398 

intense wet and (b) the top seven most intense dry events globally and the associated TWS 399 

anomaly (km3) time series (color coded).  The intensity (km3mo) of an event is equivalent 400 

to the integral under its time series. 401 



Figure 2. Relationships between the extreme events, ENSO, and global surface 402 

temperature.  Intensity (103 km3mo) of the global top 30 most intense wet (positive values) 403 

and top 30 most intense dry (negative values) events (dots color coded by continent) as a 404 

function of the month of maximum/minimum TWS anomaly. The dashed line indicates 405 

monthly total intensity (sum of the absolute value of monthly TWS anomalies of all active 406 

events).  Dark shading indicates an El Nino period and light shading indicates a La Nina 407 

period.  Plotted below is the time series of global mean surface temperature anomalies 408 

(Celsius) from the Goddard Institute for Space Studies (GISTemp).   409 

Figure 3. Correlations between extreme event total intensity and global mean 410 

temperature by climate zone. (a) Map of the four major Köppen-Geiger climate zones, (b) 411 

maximum 0-12 month lagged correlations between monthly global mean temperature and 412 

total wet (blue) and dry (red) event intensity within each climate zone.  A negative 413 

correlation indicates that absolute intensity of dry (wet) events increases (decreases) with 414 

rising temperature. 415 

Figure 4. Regional coherence of extreme event timing.  Map of wet (top panel; 505 416 

events) and dry (bottom panel; 551 events) event occurrence, defined by the year of 417 

maximum absolute TWS anomaly (km3).  The location indicates the cell where the event 418 

remained longest. The blue polygons delineate five regions where there is general 419 

consistency in the type of event (wet/dry) in the two halves of the study period. The zonal 420 

average year of occurrence (right) was smoothed with a 6° moving window. 421 
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  602 
   Extended Data Tables 603 
 604 
Event metrics Wet events Dry events 
Total Intensity 0.63 (12) -0.57 (0) 
Average severity 0.58 (12) -0.74 (11) 
Number of events -- 0.64 (0) 
Average duration 0.47(11) 0.51 (12) 
Total extent 0.60 (12) 0.43 (0) 

Table ED1.  Relationships between event metrics and global mean temperature.  605 
Correlation coefficients between global monthly total (sum over all events) or average 606 
metrics and global mean temperature.  Lags (months) of maximum correlation are noted 607 
in parentheses.  The maximum lag tested was 12 months.  All correlations are significant 608 
with <0.05.  609 
 610 

Climate Zone Mean TWS 
Anomaly (cm) 

Mean duration 
(months) 

Mean area (106 
km2) 

Tropical 12.6 9 2.7 
Dry 7.9 11 2.9 
Temperate 11.5 8 1.3 
Continental 8.1 14 2.7 

Table ED2. Mean statistics of extreme wet events by climate zone. 611 

 612 

Climate Zone Mean TWS 
Anomaly (cm) 

Mean duration 
(months) 

Mean area (106 
km2) 

Tropical -12.8 9 2.3 
Dry -8.2 10 1.7 
Temperate -9.5 9 1.9 
Continental -7.6 15 2.9 

Table ED3. Mean statistics of extreme dry events by climate zone. 613 

   614 

Figures 615 
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