
1. Introduction
Hydrometeorological extremes such as droughts and pluvials have significant socio-economic and environmental 
impacts (De Luca et al., 2020; P. Zhu et al., 2021; Zscheischler et al., 2018). They are expected to become more 
variable due to anthropogenic climate change (H. Chen, Wang, & Wang, 2020; Martin, 2018; Qing et al., 2022; S. 
Wang & Wang, 2019), albeit with a large degree of uncertainty (B. Zhang et al., 2019; B. Zhang & Wang, 2021). 
Severe floods are mainly triggered by persistent and widespread wet spells, also referred to as pluvials (He & 
Sheffield, 2020). The transition between meteorological dry and wet periods, that is, rapid shift from droughts 
to pluvials or vice versa, can lead to extreme situations beyond the worst-case scenario expected by emergency 
managers (De Luca et  al.,  2020). For instance, the prolonged 2012–2016 California drought followed by the 
widespread flooding during the winter of 2016–2017 (Folger & Cody, 2017) led to a reduction in crop revenue 
and a decline in groundwater level, killed millions of forest trees, and caused inconvenience to millions of house-
holds (Lund et al., 2018). Such a transition from a dry spell to a wet spell was described as “climate whiplash” or 
“weather whiplash” (Cohen, 2016; Swain et al., 2018), posing a significant threat to existing emergency response 
systems (Zscheischler et al., 2020).

Many regions around the world have been affected by the abrupt transition between droughts and pluvials (He & 
Sheffield, 2020; Zscheischler et al., 2020). A growing body of studies has investigated the spatial co-occurrence 
or successive occurrence of droughts and deluges or, more generally, dry and wet extremes on local and regional 
scales across many countries, such as China (H. Chen, Wang, Zhu, & Zhang,  2020; Yan et  al.,  2013; Yoon 
et al., 2018), the United States (J. Christian et al., 2015; Yoon et al., 2015), Australia (A. Chen et al., 2021), 
England and Wales (Parry et al., 2013), even on a global scale (De Luca et al., 2020; He & Sheffield, 2020; 
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Plain Language Summary The consecutive occurrence of droughts and floods has widespread 
impacts on agriculture, the ecosystem, and the environment. Here we examine the changes in frequency, 
intensity, and elapsed time of transitions between dry and wet periods under a warming climate, based on 
observations and an ensemble of 10 Coupled Model Intercomparison Project Phase 6 climate simulations. We 
find that approximately 59% of global land area are expected to experience a shorter transition time between 
dry and wet periods. Southern Asia suffers the most severe dry-to-wet transition. Furthermore, our findings 
reveal that enhanced potential evapotranspiration (PET) variability contributes to the accelerated transition 
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Sun et al., 2020). Previous studies considering dry-wet interactions were conducted with the focus on a specific 
event (J. Christian et al., 2015) or from a statistical perspective (He & Sheffield, 2020; Sun et al., 2020). The 
independent disasters were also related to large-scale modes of climate variability such as El Niño–Southern 
Oscillation (ENSO) (Cohen, 2016; Sun et al., 2020) or directly linked to water variability (Dong et al., 2018; Ford 
et al., 2021; W. Zhang et al., 2021).

The abrupt transition between dry and wet periods can not only lead to environmental impacts due to nutrient 
runoff from the agricultural field (Loecke et  al.,  2017), but also produce acute impacts in unsuspecting and 
underprepared communities if not detected in advance and communicated with stakeholders and decision-makers 
(Thompson et al., 2021). Previous studies proposed various methods to detect consecutive extremes with a given 
temporal window (A. Chen et al., 2021; He & Sheffield, 2020; You & Wang, 2021). Ford et al. (2021) investi-
gated the transition between wet and dry extremes based on the observed yearly SPI range in the Midwest United 
States over the past 70 years. However, there remains a lack of understanding on the dynamics of the transition 
between dry and wet periods. Notwithstanding the socio-economic relevance, the dynamic transition between dry 
and wet periods has seldom been investigated on a global scale. Although previous studies have suggested that 
precipitation variability is a key factor causing the swing between dry and wet extremes (Dong et al., 2018; Huang 
& Xie, 2015; Ma et al., 2018; Swain et al., 2018; W. Zhang et al., 2021), little effort has been made to examine 
the direct linkages between precipitation variability and rapid dry-to-wet transition.

This study aims to provide a comprehensive assessment of historical patterns and future changes in the charac-
teristics of transitions between dry and wet periods globally under a warming climate, based on observations and 
a Coupled Model Intercomparison Project Phase 6 (CMIP6) ensemble. Furthermore, this study will investigate 
potential interrelationships of the dry-to-wet transition time, precipitation (P) variability, potential evapotranspi-
ration (PET) variability, and water availability (P–PET) variability. These will have significant implications for 
understanding physical mechanisms causing the dry-to-wet transition.

2. Data and Methods
2.1. Data and Index

The observed monthly precipitation and PET were derived from the gridded Climate Research Unit Time Series 
version 4 (CRU TS; Harris et al., 2020) at a 0.5° resolution, and a total of 10 CMIP6 models (Table S1 in Support-
ing Information S1) were used in this study. The CRU is used as the observation because it is an interpolation 
of monthly climate anomalies from widespread weather station observations. The historical simulated PET was 
calculated using the Penman-Monteith method (Allen et al., 1998; Zotarelli & Dukes, 2010), and future simu-
lated PET was calculated using a Modified Penman-Monteith method (Yang et al., 2019) (Text S1 in Supporting 
Information S1). The modified PET calculation not only takes into account air temperature, relative humidity, 
wind speed, and solar radiation but also considers the possible CO2 physiological effect under warmer conditions 
(Williams et al., 2020; Yang et al., 2019). Our study covers a 61-year baseline period from 1954 to 2014 and a 
61-year future period from 2040 to 2100. All datasets were interpolated to a global grid of 144 × 192. To estimate 
the statistical robustness, we highlight the regions where the results obtained from at least 70% of CMIP6 models 
are consistent with each other.

The Standardized Precipitation Evapotranspiration Index (SPEI; Vicente-Serrano et al., 2010) is commonly used 
to characterize dry and wet conditions at monthly to inter-annual time scales although its primary use is a mete-
orological drought indicator (Hui-Mean et al., 2018; Su et al., 2018; Sun et al., 2016). The SPEI was calculated 
using the deviation of monthly precipitation and PET using 3-month aggregated data. The deviation was fitted to 
a three-parameter log-logistic distribution (The goodness-of-fitness of SPEI distribution is shown in Text S2 in 
Supporting Information S1) and then was converted to the standard normal distributions (Beguería et al., 2014; 
McKee et al., 1993; Vicente-Serrano et al., 2010). According to the categories of SPEI, the climatic water condi-
tion can be identified as dry (SPEI < −1) and wet (SPEI > +1) periods. The selected thresholds are also widely 
used in previous studies (Hui-Mean et al., 2018; Martin, 2018; Spinoni et al., 2018; Su et al., 2018). In addition, 
the transition time between dry and wet periods detected by 3-month SPEI has greater significance than those by 
1-month SPEI (Text S3 in Supporting Information S1).
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2.2. Identification of the Transition Between Dry and Wet Periods

Figure 1 shows two different types of transitions (i.e., wet-to-dry and dry-to-wet transitions), identified by the 
3-month SPEI as an example. The dry-to-wet transition begins in the last month in which the SPEI is at or below 
the threshold of −1 and ends in the first month in which the SPEI is at or above the threshold of +1. It should be 
noted that we only emphasized the features of dry-to-wet transitions because of the strong spatial and temporal 
consistency in the characteristics of wet-to-dry and dry-to-wet transitions (Section 3.1).

We define three primary features of dry-to-wet transitions: transition time, intensity, and frequency. As depicted 
in Figure 1, transition time is defined as the number of months that elapse between the beginning and the end of 
each transition. Severity is defined as the deviation of SPEI values between the beginning and the end of each 
transition. Intensity is defined as the ratio of severity to transition time during a transition period. Frequency is 
defined as the total number of transitions (dry-to-wet or wet-to-dry transitions) that occur in each grid cell for 
a specific period. The observed characteristics of dry-to-wet transitions were assessed using the CRU data set 
for a baseline period of 1954–2014. The changes in the transition between dry and wet periods were assessed 
based on the differences between historical (1954–2014) simulations and future (2040–2100) projections under a 
high-emission scenario (Shared Socioeconomic Pathway 5–8.5, SSP 5–8.5).

2.3. Transition Event Attribution

To investigate potential climate factors influencing the length of dry-to-wet transition time, the long-term mean 
seasonal cycle was first removed from the datasets of climate variables (P and PET) by subtracting the climato-
logical monthly mean for each month over the period of 1954–2014. The variability of climate factors was then 
estimated as the variance of the filtered time series based on a 10-year moving window (Ford et al., 2021; W. 
Zhang et al., 2021). The transition time of dry-to-wet periods is calculated for each 10-year time window moving 
forward by one year, generating a sequence of 51-year running variations of transition time from 1954 to 2014 
(Ford et al., 2021). The Spearman correlation between transition time and variability of climate variables was 
also assessed by regression analysis.

3. Results
3.1. Characteristics of the Transition Between Dry and Wet Periods

Figure 2 presents the characteristics of dry-to-wet transitions based on 3-month SPEI on a global scale from 
1954 to 2014. A prominent spatial cluster with higher frequency, stronger intensity, and shorter elapsed time of 

Figure 1. Schematic for the identification of characteristics of (green) a wet-to-dry transition and (brown) a dry-to-wet 
transition. The black line represents the Standardized Precipitation Evapotranspiration Index value. For example, the dashed 
brown lines represent the beginning and the end of a dry-to-wet transition, with a duration of 4 months and a severity of 2.36.
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dry-to-wet transitions is found over Eastern Canada, the northern part of the United States, Southeastern Brazil, 
Central Africa, the majority of Europe, Eastern Asia, and Western Australia. Figure 2d presents the variations of 
mean dry-to-wet frequency with different latitude ranges. The time series reveal that the dry-to-wet transitions 
detected in the mid to high latitudes of Northern Hemisphere (45°N−67.5°N) generally have a higher frequency 
than the southern regions since the late 1980s. The global transition frequency shows a significant increasing 
trend by the Mann-Kendall test (Tau = 0.82, Slope = 0.028, and p < 0.001) from 1954 to 1980s, and a significant 
decreasing trend (Tau = −0.86, Slope = −0.026, and p < 0.001) from 1980 to 2014, which can be explained by 
the shift of P and PET variabilities in the 1980s (Section 4).

Figure 2e shows the changes in intensity anomalies of dry-to-wet transitions across 10 subcontinent regions in 
the 1984–2014 period compared to the 1954–1984 period. The box-whisker plots disclose the spatial heteroge-
neity in the intensity of transition. There is a clear shift from the most intense transitions (1954–1984) to the less 
intense ones (1984–2014) over Africa (CAF and SAF), which is potentially due to more arid conditions persisting 
in Africa from the 1980s to the early 21st century (Nicholson et al., 2018; Wainwright et al., 2019). In addition, 
Eurasia (SAS, NAS, and EUR), Southern North America (SNA), and Southern South America (SSA) have been 
experiencing more intense transitions. The high frequency and intensity of dry-to-wet transitions occurring in 
Eurasia, along with dense population and complex climate systems, can lead to high-impact disasters (Thomas 

Figure 2. Spatial distributions of (a) average frequency, (b) average intensity (non-dimensional), and (c) average transition time of dry-to-wet transitions. (d) Time 
series of annual transition frequency with different latitude ranges, derived using a 10-year moving window. (e) Average intensity anomalies across 10 subcontinent 
regions in the recent 30 years (1984–2014) compared to the preceding 30 years (1954–1984). The red line indicates the median intensity anomalies for a specific period. 
The black triangle indicates the averaged intensity anomalies for the past 61 years (1954–2014). (f) Average number (green box) and the proportion (yellow bar) of 
dry-to-wet transitions with different elapsed time scales ( ≤ 3, 4–6, 7–9, 10–12, and ≥ 13 months). (a–f) Results derived from the Climate Research Unit data set for the 
historical period of 1954–2014. Note that the reversed color scales represent (c) transition time.
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et al., 2013; UNDRR & CRED, 2019). Figure 2f shows the numbers and percentages of dry-to-wet transitions 
with different transition time scales. It should be noted that the number of dry-to-wet transitions with a rapid 
transition ( ≤ 3 months) is largest and occupies 56% of the total number of such transitions. With an increase in 
transition time, the number of dry-to-wet transitions is likely to decrease.

The characteristics of wet-to-dry transitions are similar to those of dry-to-wet transitions globally, including 
spatial distributions of transition times (Figures S5 and S6 in Supporting Information S1), temporal variations 
of frequency (Figure S5c in Supporting Information S1), as well as the numbers and percentages with different 
transition time scales (Figure S5d in Supporting Information S1). Therefore, we only emphasized the projected 
changes in the characteristics of dry-to-wet transitions because of the strong spatial and temporal consistency in 
the characteristics of wet-to-dry and dry-to-wet transitions.

3.2. Projected Changes in Characteristics of Dry-to-Wet Transitions

Figure 3 shows the multi-model ensemble medians of changes in characteristics of dry-to-wet transitions (See 
Text S4 for historical evaluations of dry-to-wet transitions). The 51% ± 6% of global land area are projected to 
experience more frequent dry-to-wet transitions, mainly in the mid-latitude regions including the most parts of 
the United States and Europe, the southern part of South America, Southeast Asia, and Southeast Australia. The 
dry-to-wet transition is also expected to become more intense (Figure 3b) over 55% ± 5% of global land area 
that mainly cover the regions with high-frequency transitions. Figure 3c shows that approximately 59% ± 3% of 
global land area will experience accelerated transitions in the future period of 2040–2100.

To investigate the changes in characteristics of dry-to-wet transitions, Figures 3d–3f show the changes in the 
frequency, compared with intensity and transition time for each grid point in the CMIP6 multi-model median. 
As for the changes in frequency versus intensity (Figure 3d), around 44% ± 4% of grid points are projected to 
experience more frequent and more intense transitions. In terms of the changes in frequency versus transition time 
(Figure 3e), approximately 33% ± 5% of grid points are expected to experience more frequent and more rapid 
transitions. As for the changes in transition time and intensity (Figure 3f), about 43% ± 5% of grid points are 
expected to experience more rapid and more intense transitions. Generally, approximately 32% ± 5% of global 
land area are expected to experience more frequent, more intense, and more rapid transitions between dry and 
wet periods in a warming climate.

Figures 3h and 3g show the multi-model ensemble medians of transition time and intensity assessed for historical 
and future periods. In terms of transition time, all 10 subcontinent regions are projected to experience accelerated 
transitions from dry to wet periods (Figure 3h). Specifically, Asia (SAS and NAS) has been suffering intense 
dry-to-wet transitions (Figure 2e) and is projected to experience more intense transitions in the future. In compar-
ison, North America (NNA and SNA) and Oceania (OCE) have been suffering less intense dry-to-wet transitions 
(Figure 2e). However, these regions are expected to experience a relative increase in the transition intensity in the 
future (Figure 3g), which is consistent with previous study (Ford et al., 2021). These suggest an intensified and 
accelerated transition between droughts and deluges in a changing climate, posing an increasing risk for water 
management practices. Thus, it is crucial to consider a trade-off between short-term flood control and long-term 
water storage imperatives to satisfy water demand (He & Sheffield, 2020).

3.3. Contributions of Precipitation and PET Variabilities to Dry-to-Wet Transitions

Large PET variability manifests a rapid rate of soil water from land surface to the atmosphere (Qiu et al., 2021), 
contributing to the local transition from dry to wet periods. Large precipitation variability yields highly 
non-uniform precipitation distributions (W. Zhang et al., 2021), and increases the intrinsic likelihood of dry and 
wet extremes (Swain et al., 2018). During a dry period followed by moderate rainfall events (e.g., low P varia-
bility), a sufficient volume of water entering the system may be able to fill the soil column and recover from a 
substantial degree of antecedent soil drying to a normal period. But for a dry period followed by extreme precip-
itation events (e.g., large P variability), the extremely large volume of water may be able to quickly saturate the 
soil column, and even leads to infiltration excess when soils are not yet saturated, increasing the flood risk and 
entering a wet period (Brunner et al., 2021).
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Figure 3. Spatial distributions of Coupled Model Intercomparison Project Phase 6 (CMIP6) multi-model ensemble median changes in (a) frequency, (b) intensity, and 
(c) transition time of dry-to-wet transitions between the future period of 2040–2100 and the historical period of 1954–2014. The multi-model ensemble medians of the 
changes in (d) frequency and intensity, (e) frequency and transition time, and (f) transition time and intensity for all grid points. The multi-model ensemble medians 
of (g) intensity (non-dimensional) and (h) transition time of dry-to-wet transitions across 10 subcontinent regions. (g–h) Bar represents the regional mean changes 
(ensemble median and 25th to 75th percentile spread), and green line indicates the projected increase in transition intensity across different regions. (a–c) Number 
represents the fraction of land areas which are projected to experience more frequent, more intense, and more rapid transitions from dry to wet periods. (d–f) Number 
indicates the fraction of grid points in each quadrant. Note that the reversed color scales represent (c) transition time. Stippling indicates that at least 70% of CMIP6 
models agree on the sign of the changes.
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We used the Spearman correlation test (Figure S9 in Supporting Information S1) and the random forest model 
(Text S5 in Supporting Information S1) to assess the interrelationship between variability of climate factors and 
transition time of dry-to-wet transitions. As for Southern Asia (Figures S9 and S10a in Supporting Informa-
tion S1), transition time is negatively correlated with PET variability (r = −0.62 and p < 0.05), while P and P–
PET variabilities are not significantly correlated with transition time. Figure S10a in Supporting Information S1 
shows strong temporal coherence between PET variability and transition time in Southern Asia. In addition, our 
findings reveal that PET variability is a more dominant factor influencing the dry-to-wet transition time than P 
variability (Figure S12 in Supporting Information S1) and a greater PET variability generally corresponds to a 
shorter transition time in Southern Asia (Figure S13 in Supporting Information S1). In contrast, P variability is 
stronger negatively correlated with transition time than PET variability over Africa (CAF and SAF), SSA, SNA, 
and Oceania (OCE) (Figure S9 in Supporting Information S1). Figures S12 and S13 in Supporting Informa-
tion S1 show that both enhanced P variability and PET variability contribute to the accelerated transition between 
dry and wet periods over SNA.

As climate warms, the variabilities of P, PET, and P–PET are projected to increase robustly over most global 
land areas (Figures 4d–4f), with a relatively large increase in P variability in the tropics and little change in 
PET variability. These signs are consistent with previous studies (Allan et al., 2020; Pendergrass et al., 2017; 
Seager et al., 2012; W. Zhang et al., 2021). W. Zhang et al. (2021) suggested that the contributions to intensified 
P variability globally are due to the increasing moisture availability under climate warming and covariation of 

Figure 4. The climatologically values of variabilities of (a) P, (b) potential evapotranspiration (PET), and (c) P–PET for the historical period of 1954–2014 based on 
the CRU data set. Spatial distributions of Coupled Model Intercomparison Project Phase 6 (CMIP6) multi-model ensemble median changes in the variabilities of (e) 
P, (d) PET, and (f) P–PET for the future period of 2040–2100 compared to the historical period of 1954–2014. Stippling indicates that at least 70% of CMIP6 models 
agree on the sign of changes.
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moisture and circulation changes. In terms of PET variability, Wang et al. (2022) demonstrated that recent global 
ET increase is consistent with climate warming based on ground observations. However, the cause of variability 
in global PET remains unclear. As for P–PET variability, Allan et al. (2020) suggested that increased atmospheric 
water vapor with warming is a corresponding intensification of horizontal moisture transport, which drives an 
amplification of P–PET regime.

Increased P variability associated with increased PET variability correspond to shorter transition time between 
dry and wet periods in North America (NNA and SNA) and Oceania (OCE) (Figure S13 in Supporting Infor-
mation S1), complementing previous studies with a focus on the contribution of P variability to the transition 
between dry and wet extremes (Dong et al., 2018; Swain et al., 2018). Thus, the increase in P variability and/
or PET variability indicates the fact that the warming climate plays an important role in accelerating transitions 
between dry and wet periods, leading to a decline in soil moisture memory time scales, especially for deeper 
soil layers (Lawrence et al., 2007). Thus, a more rapid transition from dry to wet periods may result in reduced 
warning time, affect vegetation production, and cause more catastrophic consequences beyond expected (Asner 
et al., 2004; Ford et al., 2021; Sloat et al., 2018). Previous studies pointed out that P is also increasingly parti-
tioned into PET and not into runoff in a warming condition or in arid regions (Zheng et al., 2019), which may 
further trigger the acceleration of transitions between dry and wet periods.

4. Discussion
The P and/or PET variabilities contribute to the trend shift of the frequency of dry-to-wet transition in the 
mid-1980s (Figures 2d and S10c). Two factors may contribute to the shift of P/PET variability in the 1980s. The 
first is a climate regime shift that occurred around the 1980s in different parts of the globe (J. Chen et al., 2008; 
Reid et al., 2016; Sarkar & Maity, 2021; Z. Zhu, 2018), which manifests itself as sudden jump in several hydro-
climatic variables, especially temperature and precipitation (H. Wang,  2001). Large-scale forcing is also an 
important contributor to the changes in the variabilities of P and PET around the 1980s over global regions. For 
example, ENSO–related circulation changes have been demonstrated to significantly affect interannual tropical 
Pacific P variability (Huang & Xie., 2015). Joshi et al. (2022) indicated the integrated effect of Atlantic multidec-
adal oscillation (AMO) and interdecadal Pacific oscillation (IPO) on P variability over India, leading to P varia-
bility shift in the 1980s.

Our findings suggest that P variability and/or PET variability contribute to different impacts on the transition time 
across different regions: Southern Asia is dominated by PET variability, Africa by P and P−PET variabilities, and 
Southern Northern America by P and PET variabilities (Figures S9, S12, and S13 in Supporting Information S1). 
Several factors may contribute to the spatial variation in correlations between variabilities of P/PET/P–PET and 
dry-to-wet transition time. The first is the role of land‒atmosphere coupling in the dry-to-wet development. While 
the interactions between local P variability and PET variability are very complex, the fundamental relationships 
between dry-to-wet transition and land‒atmosphere couplings can be summarized with key moisture and thermal 
variables (Pendergrass et al., 2017; Wood et al., 2021; Y. Zhang et al., 2017) in different climatic regions, includ-
ing energy-limited and water-limited regions. In energy-limited regions, PET variability is mainly controlled by 
radiative energy, with precipitation playing a relatively minor role (Y. Zhang et al., 2017). It is because lower 
precipitation corresponds to less cloud coverage and larger radiation, thereby further increasing soil water into 
the atmosphere. Increased moisture flux from the surface contributes to a wetter atmospheric column, which 
facilitates the development of dry-to-wet transitions. In water-limited regions, most of evapotranspiration comes 
from soil evaporation, which is dependent mainly on precipitation (Y. Zhang et al., 2017). Therefore, the dry-to-
wet transition is mainly controlled by P variability in water-limited regions. Hence, there are different correlations 
between dry-to-wet transition time and P/PET variability in different climatic regions.

In addition, climatic features can also influence the different correlations between dry-to-wet transitions and 
P/PET/P–PET variabilities. In the middle part of Eurasia, the PET variability exceeds 25 mm/month (Figure 4b). 
By contrast, a majority of land areas in North America experience smaller PET variability in the range between 
5 and 10 mm/month compared to Eurasia. Given that larger values of evaporative demand will increase the upper 
limit for the rate of PET, a dominant PET variability would most likely occur in regions with consistently high 
PET variability, because a greater potential for rapid increases in evaporative stress on the environment facilitates 
the dry-to-wet transitions (J. I. Christian et al., 2021). As such, the overall higher importance of PET variability 
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influencing dry-to-wet transitions in Eurasia (Figure S12 in Supporting Information S1), as compared to North 
America, may be attributed to climatologically higher values of PET variability in Eurasia. Instead, P and P–PET 
variabilities dominate the dry-to-wet transitions in Africa and Southern America (Figures 4a and 4c), where both 
experience climatologically higher values of P and P–PET variabilities than other regions.

It should be noted that the multi-model ensemble climate simulations were used in this study under the highest 
emission scenario of SSP 5–8.5. The projected changes in the characteristics of dry-wet transitions will vary 
under different future emission scenarios. In addition, we assessed the transition between dry and wet periods 
using the 3-month SPEI, but different drought indices might influence the detected patterns in the transition 
between dry and wet periods. One potential issue with a moving window approach is that the relationship between 
transition time and variability of climate variables is site and timescale specific, due to differences in climate 
change velocities (Hoylman et al., 2022).

5. Conclusions
This study investigates historical patterns and future changes in the transition between dry and wet periods on 
a global scale through observations and 10 CMIP6 climate model simulations. We identify global hotspots of 
dry-to-wet transitions and explore their dynamic evolution in response to the warming climate. We also examine 
the interrelationships between characteristics of dry-to-wet transitions and variabilities of P, PET, and water avail-
ability (P–PET). These play a crucial role in advancing our understanding of dry-to-wet transition mechanisms 
and in developing risk mitigation strategies.

Our findings reveal that there will be accelerated transitions from dry to wet periods in most parts of the United 
States, Europe, the southern part of South America, Southeastern Asia, and Southwestern Australia, with about 
59% of global land area under a warming climate. Approximately 32% of global land area are projected to expe-
rience more frequent, more intense, and more rapid transitions between dry and wet periods. Southern Asia has 
been experiencing the most frequent and intense dry-to-wet transitions and it is projected to suffer a further inten-
sification of accelerated transitions. By contrast, SNA has been experiencing less intense transitions; however, it 
is projected to experience more intense and more rapid transitions from dry to wet periods in a changing climate. 
The most important factors affecting transition time vary across different regions. Southern Asia is mainly domi-
nated by PET variability, Africa by P variability, and Southern Northern America by P variability and PET 
variability. Enhanced PET variability contributes to accelerated transition over Southern Asia, while increased 
variabilities of P and PET may intensify the abrupt alternation between wet and dry periods in Southern North 
America.

Data Availability Statement
The gridded monthly precipitation and PET are accessible in (a) the Climatic Research Unit Time-Series version 
4.00 (CRU TS4.00): https://data.ceda.ac.uk/badc/cru/data/cru_ts/ and (b) the Coupled Model Intercomparison 
Project Phase 6 (CMIP6): https://esgf-node.llnl.gov/projects/esgf-llnl/. The 3-month SPEI values are available in 
https://data.mendeley.com/datasets/7s8dhjhg3w.
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