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Abstract.

Compound droughts, in which meteorological, hydrological, and agricultural drought occur simultaneously, have a more
substantial impact on ecological and socio-economic systems than any drought type alone. Yet, the global patterns — and
particularly the multi-decadal trends — of these co-occurring droughts remain poorly understood. We analyse the global co-
occurrence of meteorological, agricultural, and hydrological droughts from 1961 to 2020 using run theory and empirical
drought indices from three global hydrological models (GHMs), each forced with three different meteorological forcing
datasets. Our results indicate that compound droughts and their characteristics show distinct spatial patterns, varying across
different hydrological regions. The findings suggest that compound droughts have become more widespread globally,
particularly in the hydrological regions (i.e., hydrobelts) near the equator and in the southernmost regions, where the number
of days under compound drought has increased rapidly over the past 60 years. Our results also show that compound drought
behaviour in the boreal hydrobelt significantly differs from all other hydrobelts, showing a general wetting trend and no
increase in compound droughts. We also, however, find a high uncertainty in the ensemble, highlighting a need to global
hydrological modelling aimed toward droughts specifically. The results provide valuable global insights into complex

phenomena of compound droughts, helping in drought preparedness actions and planning.

1 Introduction

Droughts, as one of the costliest natural hazards, have threatened economic growth and caused significant environmental and
agricultural damage throughout human history (Vicente-Serrano et al., 2010; Wu et al., 2022). Droughts commonly originate
from the lack of precipitation and can propagate through the hydrological cycle, developing into various different drought

types involving e.g. precipitation, soil moisture and runoff, discharge or groundwater levels (Mishra and Singh, 2010; Wilhite
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and Glantz, 1985). The effects of drought on ecology and human societies depend on the part of the hydrological cycle they
affect, and may impact, for instance, agriculture, transportation, power generation, commerce and industry, ecosystems and
water quality (Van Loon, 2015). The temporal and spatial co-occurrence of these different drought types is referred to as
‘compound drought’. The impacts of compound droughts on ecosystems and socio-economic sectors are more significant and
serious than those of individually occurring drought types (Wu et al., 2022; Zscheischler et al., 2020). As it is anticipated that
drought hazards will become more frequent and severe in many regions of the world due to climate change (e.g. Spinoni et al.,
2020; Wang et al., 2021), it is important to understand the dynamics of compound droughts globally, particularly because of
the inherent uncertainty in the estimates of drought trends over the past century due to a lack of direct observations and

dependence on the chosen drought index (Alahacoon and and Edirisinghe, 2022; Mukherjee et al., 2018).

Climatic and physiographic differences between regions of the globe lead to distinct hydrological processes across landscapes
(Beck et al., 2018; Linke et al., 2019; Meybeck et al., 2013). Most existing research about compound drought occurrence,
however, is on smaller case study areas (e.g. Feng et al., 2023; Li et al., 2024, 2021; von Matt et al., 2024; Sarhadi et al., 2023;
Wau et al., 2022), or the focus is on either the propagation of meteorological drought to other drought types, the co-occurrence
of only two drought types (e.g. Hao et al., 2025; Wu et al., 2022), or the compounding of drought with other extremes such as
heatwaves (e.g. Li et al., 2025). To our knowledge, there are only a few studies addressing the compounding of at least the
three most common drought types (meteorological, hydrological, agricultural) on a global scale. Ahopelto et al. (2020) analysed
the probability of compounding of different drought type combinations over the period 1981-2010. Kallio et al. (2019),
estimated compound droughts globally using ten different drought indices and data from the Earth System Data Lab (Mahecha
et al., 2020) over the relatively short time period 2004-2011. More recently, Hao et al. (2025) assessed multivariate,
preconditioned, and temporally and spatially compounding droughts using several drought indices with the aim to improve
monitoring of compound droughts — however, their reported assessment of the global multivariate droughts cover only the

year 2022 and two drought indices.

The issue of compounding drought types is adjacent to many types of drought analyses. First, there is a substantial corpus of
analyses of drought propagation from precipitation through the hydrological cycle. For instance, Yang et al. (2024) investigate
drought propagation through the lens of multivariate compound droughts in China, finding that spatial and temporal features
of drought events are essential factors in understanding compound drought evolution. Zhang et al. (2022) highlight that drought
propagation is influenced by catchment characteristics and indicator choice. Second, multivariate drought indices share
similarities with multivariate compound drought analysis, both of which integrate information across multiple compartments
of the hydrological cycle. As an example, the Grand Mean Index (GMI; Mo and Lettenmaier, 2014) integrates precipitation,
soil moisture and runoff output over multiple land surface models to provide an ‘objective’ estimate of drought severity across
hydrological compartments. Third, finding proxies among drought indicators aim to identify indicators with strong correlation

and similar occurrence of drought events has similarities with multivariate compound drought analysis. For example, Baez-
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Villanueva et al. (2024) analysed how meteorological, soil moisture and snow drought indices coincide with hydrological

drought in Chile and found that the best proxies vary based on catchment characteristics.

Although these studies have substantially improved the understanding of the compound droughts, they are restricted by their
incomplete coverage of drought types and/or their limited temporal or spatial coverage. Currently, no global study exists that
consistently assesses the compounding of meteorological, agricultural and hydrological droughts at a daily resolution within a

multi-model framework, which is crucial for understanding their patterns and dynamics.

In this paper, we therefore address this research gap by identifying the spatial patterns and temporal trends of the compound
drought events, where meteorological, agricultural, and hydrological droughts co-occur, to identify regions most at risk. Using
hydrological datasets from global hydrological models (GHMs) with daily temporal and 0.5° spatial resolution for the period
1961-2020, we compute empirical standardised drought indices for precipitation, soil moisture and river discharge to cover
each drought type, respectively. Further, we add to the discussion of uncertainty in global drought estimates through an
analysis of uncertainty in the ensemble of nine estimates from the Inter-Sectoral Impact Model Intercomparison Project

experiment 3a (ISIMIP, Frieler et al., 2024).

2 Data and Methods

The overall workflow for our study is shown in Figure 1. We describe the ISIMIP data used in Section 2.1. Section 2.2 describes
how we compute the empirical drought indices (Fig. 1A), followed by our approach to event characterisation based on run
theory in Section 2.3. Section 2.4 explains how we identify compound events, based on ensemble median of the nine members
of our ensemble (Fig. 1B) and an alternative method based on events of individual drought types (Fig. 1C). Finally, Section

2.5 details our trend analysis, and Section 2.6 outlines an analysis based on El Nifio Southern Oscillation (ENSO, Fig. 1D).
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Figure 1. Workflow of our analyses. Panel A shows the workflow to compute the empirical drought indices. Panel B gives the
workflow based on the ensemble median timeseries, panel C shows the workflow based on analysis of identified drought events, and
panel D for the ENSO analysis. Panel E shows the global hydrobelts we use to summarise our results.

2.1 Data

We used data from the ISIMIP experiment 3a, consisting of historical model runs based on reanalysis forcing datasets. We

selected all model runs which met the following criteria: 1) model is run with historical human forcing; 2) no sensitivity
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experiment (i.e., the model runs are based on observed climate and human activity patterns — see Frieler et al., 2024); 3) model
output includes soil moisture and discharge; and 4) output is of daily temporal resolution. When the ISIMIP data repository
was accessed on 5™ September 2024, there were a total of 9 model runs that satisfied these criteria. The three models were
WaterGAP 2.2e (Miiller Schmied et al., 2023), MIROC-INTEG-LAND (Yokohata et al., 2020), and HO8 (Hanasaki et al.,
2018). Each model was forced with three climate forcing datasets: 20CRv3-ERAS, 20CRv3-WS5ES, and GSWP3-WS5ES
(Frieler et al., 2024). We used daily precipitation data from the three reanalysis climate datasets used to force the GHMs.

To summarise the results on a global scale, we used the global hydrobelts (Meybeck et al., 2013). ‘Hydrobelts’ refer to
hydrologically similar regions and are based on hydrometeorological and climatic similarity. The nine hydrobelts are Ice,
Boreal (BOR), Northern Mid Latitude (NML), Northern Dry (ND), Northern Sub Tropical (NST), Equatorial (EQT), Southern
Sub Tropical (SST), Southern Dry (SD), and Southern Mid Latitude (SML) (see Figure 1E). We exclude ICE from the analysis,

as it only exists in Greenland and we do not analyse glacier evolution in this study.

2.2 Computing empirical drought indices

We computed daily drought indices for meteorological, soil moisture and hydrological drought based on empirical
distributions. We chose to use empirical distributions instead of fitting theoretical distributions for two reasons: First, based
on our tests, the optimal theoretical distribution changes according to location and time of the year, and second, to base our
analysis on single standard workflow required for efficient comparisons between regions (Van Loon, 2015). We fit the
empirical distribution for each day of the year (365 empirical distributions for each grid cell, for each of the nine GHM model
runs and for each variable) using values occurring within a seven-day window centred on the day. For example, when fitting
a distribution for precipitation on 15" January, all values occurring between 12% and 18" of January in all years were included.
The fitting of empirical distribution was done for the period 1961-1990 (and applied to the full analysis period 1961-2020),
meaning that each distribution is based on 210 values. Furthermore, we used a 3-month accumulation period for each variable
(precipitation, soil moisture and discharge). The accumulation period refers to the time period over which the data is summed
for the calculation. This makes the standardised drought indices resilient to rapid daily or weekly variation in the timeseries.
With an empirical distribution computed, we then estimated a standardised drought index (McKee et al., 1993) by forcing the

empirical distribution into a standard normal distribution.

The drought indices we use in the study — empirical Standardised Precipitation Index (eSPI, meteorological drought), empirical
Standardised soil Moisture Index (eSMI, agricultural drought) and empirical Standardised Streamflow Index (eSSI,
hydrological drought) — are interpreted in the same way as any other standardised drought index, with negative values

indicating drier and positive values indicating wetter-than-average conditions. The index value describes how many standard



10

15

20

25

30

https://doi.org/10.5194/egusphere-2025-3909
Preprint. Discussion started: 3 September 2025 G
© Author(s) 2025. CC BY 4.0 License. E U Sp here

deviations away a data point is from the mean. Commonly, index values below -1 are considered ‘moderate’, values under -

1.5 ‘severe’, and values under -2 are considered ‘extreme’ droughts.

2.3 Event characterisation

We identified drought events by using run theory, as developed by Yejyevich (1967). Through this approach, we computed
the drought event duration (D), intensity (I) and severity (S) by examining values that fall below a predetermined threshold,
which we set as -1, indicating a moderate drought (McKee et al., 1993). The duration of a drought event reflects the number
of days the index value stays below a threshold. Intensity, in turn, refers to the mean index value throughout the event, while
severity is the sum of the index values over the drought event. In this research, we did not, however, analyse event intensity or

severity, but rather focused on compound event occurrence and duration.

On some occasions, the drought index values sunk below our event detection threshold of -1 for only a short duration (a few
days, for instance). A common practise is to remove events shorter than some chosen cutoff duration. However, our approach
was to combine separate events if there were less than 30 days between the end of the previous event and the start of the
subsequent event. This limited the number of events in periods where the index value hovered around the threshold for
extended periods by considering them a single event, without the need to remove short duration events. There are two reasons
we chose 30 days (one month) as the threshold for combining events: 1) the majority of global studies on droughts are
conducted with a monthly temporal resolution, making one month a natural choice; and 2) our chosen accumulation period for
the drought indices is 90 days (three months), so any drought events occurring within 30 days from one another are not
independent in any sense (strictly, this applies to any consequent events occurring within the full accumulation period of 90

days).

2.4 Identifying compound drought events and their probability of occurrence

We employed two methods for the identification of compound drought events. In the first method (Figure 1B), we computed
the ensemble median of the nine timeseries of eSPI, eSMI and eSSI, and for each day we counted how many median indices
(none, one, two or three) were simultaneously below the event threshold. We then used the run theory to identify periods when
at least one, two or three drought types co-occurred simultaneously. This allowed us to compute the probability of occurrence

of compound drought events for each 0.5° grid cell separately using eq. 1,

__ Mcompound events
Pcompounding - n . (1)
events
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where Peompounding i the probability of occurrence of a compound event, N,enss is the number of events in the cell with at
least one drought type below the threshold, and n¢ompound events 15 the number of events where all three drought types co-

occur simultaneously.

The second method is based on drought events identified with the run theory for each of the three drought indices. We compared
the dates of individual events to the dates of events of other drought types and deemed a single drought event as a compound
drought event if, during its duration, all three drought types occurred simultaneously. This allowed us to analyse each drought

type separately and assess the probability of compounding conditional to a certain drought type.

2.5 Trends

To estimate the temporal trends in compound drought events, we computed Sen’s slope (Sen, 1968), due to the large variation
in the timeseries of the variables. Sen’s slope is estimated as the median of the slope between pairs of data points, giving a
robust estimate of the slope. We used Sen’s slope for all timeseries trend computation, including timeseries and gridded data.
Note that we excluded the year 1961 from trend computations, because the 3-month (90-day) accumulation period used to
compute the drought indices resulted in fewer observations for that year compared to others. For trends computed based on
drought events, each event was assigned to the year of the starting date in cases where the drought period covered multiple

years.

2.6 ENSO analysis

We analysed the influence of ENSO on the duration of compound drought events on our dataset, due to its known influence
on simultaneous droughts across the globe (e.g. Singh et al., 2021, 2022). We compared the monthly Nifio 3.4 index timeseries
obtained from the NOAA (2025) and matched drought events occurring during different phases of ENSO. We used a threshold
value of 0.5 or above for La Nifia, and -0.5 or below for El Nifio events, following the approach used by Singh et al. (2022).
After matching drought events to the ENSO phase, we took the median of the durations of the events and computed the

difference between El Niflo and La Nifa events.
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3 Results
3.1. Compound drought (event) characteristics

We first assessed the different characteristics of compound droughts over the study period (1961-2020) (Figure 2). We found
that Southern Europe, East Asia, Indonesia, Central Africa, and Western South America stand out with the highest compound
drought day count (annual average over the study period); in these regions, the count on average stayed above 25 days (Figure
2A). The trend over years from 1961 to 2020 (Figure 2C) showed high heterogeneity, but in general the trend was positive
(i.e., drought day count increased) in the same areas as where the compound drought days per year were high. The most notable

areas with a negative trend (i.e., days with smaller count) were found in Eastern USA, the Sahel, Northern India, and Siberia.

When assessing the median durations of compound drought events (based on outputs from all 9 forcing-model combinations
over 1961-2020), we found that Equatorial regions experienced the longest event durations, even exceeding 70 days in Central
Africa (Figure 2B). Primarily median durations remained below 50 days, and the lowest durations occurred in India, the Sahara,
Northern Australia, and parts of Siberia. The global median duration of a compound drought event was 42 days. The change
pattern in the median event durations (Figure 2D) was similar to the pattern of day count change (Figure 2C), though with
some distinct differences. Parts of central sub-Saharan Africa and the Amazon Basin experienced very large increases (i.e.,

longer median duration) while parts of Tibet, Eastern North America, and Nordic countries experienced decreasing duration.

To understand the probability of compound droughts — i.e., when all three drought types co-occur in time and space — we
identified all periods of the timeseries when at least one of the three drought types occurred. If at any point in this period all
three drought types co-occurred, the event was categorised as a ‘compound event’. The highest probability (>30%) occurred
in various monsoon weather systems (Eastern Africa, South and East Asia), as well as in other weather systems such as
Mediterranean, the Andes, and Eastern Australia (Figure 2E). This indicates that in these areas the risk for one drought type to

propagate to a compound drought was higher.

Finally, we assessed how ENSO impacts the co-occurring of these three drought types by assessing the difference of compound
drought event durations between El Nifio and La Nifia (Figure 2F). Our results show that in areas along the coasts of the South
Pacific Ocean, the Western and Southern parts of Africa, Southeast Asian islands, and most of Australia, the compound drought
durations tended to be longer during El Nifio than La Nifia months. In turn, the durations were longer during El Nifia months

primarily in Northeastern Africa, Middle East, and eastern South America.
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Figure 2. Mean (A) and the trend (C) of annual compound drought days with all three drought types co-occurring. Median of
compound drought event duration (B) and its trend (D). Probability of the co-occurrence of all three drought indices (E). The
difference in compound drought event duration between events occurring during El Nifio and La Nifia (F). Values mapped in tiles
A, B, E are computed for the ensemble median for years 1961-2020. Trends are calculated using Sen’s slope method.

3.2. Trends across hydrobelts over 1961-2020

To compare the temporal patterns across different hydrological regions, we aggregated the compound events at the scale of
hydrobelts (map in Figure 1E). In general, the trend for days under compound drought per year increased in all hydrobelts
apart from the boreal hydrobelt (Figure 3A), though the trend was particularly steep in the equatorial and southern mid-latitude
hydrobelts. It should be noted that the different GHM-forcing data combinations showed high variability. The mean annual
index value (Figure 3B), in turn, shows somewhat more varying patterns. The aggregated index values for each hydrobelt
showed a mostly negative trend, signifying a general drying pattern according to all three drought indices. The boreal hydrobelt

stands out as the only one with a significant wetting trend and therefore increasing mean annual index values. The northern
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Figure 3. Panel A shows the mean number of days under compound drought over the hydrobelts as identified from the different
model runs and the ensemble median. Panel B shows the mean annual index value for the three drought indices and all hydrobelts
as computed from the ensemble median as well as the combined trend over the three drought indices. The vertical bar denotes the
year 1990, which is the last year used to fit the empirical distribution. Note that a positive slope in panel A signifies increasing
compound drought occurrence, while a negative trend in panel B signifies a general drying trend. eSPI stands for empirical
Standardised Precipitation Index, eSMI for empirical Standardised soil Moisture Index, and eSSI for empirical Standardised

Streamflow Index.
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mid-latitude did not show any trend, and in northern sub-tropical and southern dry hydrobelts, the negative trend was
statistically uncertain. The steepest decreases in the value can be found in northern dry, equatorial and southern mid-latitude
hydrobelts. Interestingly, although the equatorial hydrobelt showed the fastest increase in compound drought days (Fig 3A),

the general drying trend was stronger in northern dry and southern mid-latitudes.

These findings indicate that, on average, compound drought events have become more frequent and more intense. Figure 3B
also shows that the three drought indices were generally in sync over the years. For instance, in the equatorial and southern
dry hydrobelts, the index values were more closely aligned compared to other hydrobelts. The clearest deviations can be found
in the boreal hydrobelt, where eSSI index shows larger wetting than eSMI or eSPI since 2004, and in the northern dry hydrobelt,
where eSSI showed the largest drying trend. By comparing Figures 3A and B, we can see that the number of compound drought
days follow the annual index values. For instance, northern mid-latitudes showed a smaller number of compound dry days
between 1980 and 2000, while at the same time the aggregated index values indicated a generally wetter period. A Pearson
correlation coefficient of -0.77 computed globally showed a strong association between the mean of eSPI, eSMI and eSPI
index values, and the number of drought days (i.e., as the index values decrease toward more dry conditions, the number of

compound days increases).

3.3. Compound events from the lens of specific drought types

Next, we explored the duration, probability, event count of compound drought events, and the proportion of compound drought
periods through the lens of each drought type. This means that after the drought events for each index were recognised, they
were compared to events of other indices to identify compounding. Here, we used each drought type as the basis of
computation, which is the drought type that persists throughout and to which the co-occurrence of other two types are

compared.

Overall, we found that eSPI drought event characteristics differ from the eSMI and eSSI events with similar characteristics to
one another, as summarised in Table 1. We found almost twice as many eSPI drought events per grid cell as eSMI or eSSI
events, with median durations around half as long. Only 20% of eSPI events had periods with co-occurring eSMI and eSSI
events, which was considerably less than the 36% and 34% for eSMI and eSSI, respectively. When an eSPI event is categorised

as a compound event, on average the compounding period covers a larger proportion of that event than for eSMI or eSSI.

11
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Table 1. Global mean drought characteristics over 1961-2020. eSPI stands for empirical Standardised Precipitation Index, eSMI
for empirical Standardised soil Moisture Index, and eSSI for empirical Standardised Streamflow Index.

Index | Events percell | Median duration (days) | Probability of compounding | Proportion of compounding

eSPI 79 42 20% 59%
eSMI 40 96 36% 41%
eSSl 42 83 34% 42%

We found that in the boreal hydrobelt and a large part of Asia, drought events with eSMI (Fig 4C) lead to compound drought
more often than events of eSPI (Fig 4A) or eSSI (Fig 4E). Conceptually, this is expected if we think of a linear progression
from rainfall deficit to soil moisture deficit, and finally to low river discharges. eSMI is conceptually located in the middle
between the start and the end of the propagation, and the conceptual distance from eSPI to eSSI and vice versa is larger leading
to lower probability of simultaneous occurrence. However, actual drought propagation is not necessarily linear and is
influenced by catchment properties (Yang et al., 2024; Zhang et al., 2022), and thus eSSI events are most likely to contain
compound drought periods in much of Latin America, Eastern North America, Northeastern Europe, Sub-Saharan Africa and
insular Southeast Asia. We therefore found that eSPI events were least likely to lead to compound droughts. This is further
evident in the bar plots in Fig 4G: we identified a significantly larger event count for eSPI than for eSMI or eSSI. The smallest
difference in event counts was in the southernmost hydrobelts, with the difference increasing the further north we went. eSPI
events had a lower probability of compounding than the other two indices, with 25% of events in the equatorial hydrobelt and

just 17% in the boreal hydrobelt containing a compound drought period.

12
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Figure 4. Compound drought event occurrence under specific drought types (i.e., the compound droughts conditional on a specific
type). Panels A, C and E show the median probability of occurrence of eSPI, eSMI and eSSI events, respectively, whereby all three
drought types co-occur simultaneously. Panels B, D and F shows the mean of the proportion of compound drought period over the
entire drought event duration of eSPI, eSMI and eSSI, respectively. Panel G displays a summary of the global patterns of event
counts, probability of a drought event of a specific type also containing compound drought, and the proportion of compounding
(compound drought period over the entire drought event), each aggregated to hydrobelts. The values in panel G are medians over
the 9-member ensemble. eSPI stands for empirical Standardised Precipitation Index, eSMI for empirical Standardised soil Moisture
Index, and eSSI for empirical Standardised Streamflow Index.
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We then assessed the proportion of the drought event covered by the compounding period, when the event is classified as a
compound drought event and shows that the compounding periods covered a much larger proportion of eSPI events all across
the globe than they did for eSMI or eSSI events (Figs 4B, D, F). This was particularly true for arid regions across the globe.
The proportion was in general larger for eSMI events than they were for eSSI events, but there were some locations where the
opposite was true — Southern Brazil, parts of Central America and parts of boreal and northern mid-latitudes hydrobelts. These
findings are echoed in the bar plots of Figure 4G: eSPI clearly deviates from eSMI and eSSI. The smallest differences were in

the equatorial and both northern and southern subtropical hydrobelts and increased as the latitude distances from the equator.

We also computed the Pearson correlation coefficient between compound drought event counts and probability of
compounding and found that there was a moderate negative correlation (-0.44) between event counts and probability of
compounding. Generally, a smaller event count means longer individual events, because of our methodological choice of using
an empirical distribution and a threshold to detect drought events. This choice means that there are approximately equal number
of drought days over 1961-1990 in every grid cell, with deviations only in the latter period 1991-2020 if the distribution
changes. Longer drought durations naturally increase the likelihood of observing simultaneous drought types compared to
shorter drought durations. We also found a moderate positive correlation (0.62) between event counts and the proportion of
compound drought period over the event duration, meaning that increasing event counts (shorter drought event durations) lead

to an increasing proportion of compounding.

4 Discussion
4.1 Comparison to literature

In this study, we provide the first comprehensive global analysis of compound droughts, considering all three main drought
types, over the past decades. Our work thus considerably extends the existing literature on global analyses that consider either
only two indices and only report results on droughts in one year (soil moisture and vapor pressure deficit for 2022, Hao et al.,
2025), consider only very short time period (2003—2010, Ahopelto et al., 2020), or consider only pairwise occurrence of
compound droughts (Kallio et al., 2019). Although direct comparison is not possible due to differences in methods and
temporal resolution, some insights can be drawn. Ahopelto et al. (2020) found that the compound drought trends in southern
sub-tropical and southern dry hydrobelts contrast those of the other hydrobelts, while we found that these two hydrobelts do
not particularly stand out from others (Figs 3A and 4G); it should be noted, however, that our results are based on substantially
longer timeseries than that of Ahopelto et al. (2020). Kallio et al. (2019) found that meteorological drought co-occurs with
hydrological drought 43.6% of the events, and with agricultural drought 47.0% of the events. These are higher percentages
compared to the results of our study (33.3% and 34.4%), though the pattern is similar as meteorological with agricultural

drought occurs slightly more frequently than meteorological with hydrological drought.
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Results shown in Figure 3 for the boreal hydrobelt show a trend of wetting, no increase in compound droughts, and generally
drying trends in most other global hydrobelts. This matches the observations by Vieira and Stadnyk (2023), who assessed the
trends in hydrological droughts among an ensemble of global climate models. They found that northern latitudes show evidence
of shorter, less intense droughts, while large portions of other global land areas are drying — though, in significant portions of
these land areas, no clear trend is detected. Our results fit this observation as well; aggregated to hydrobelts, we found no
significant trend in wetting, drying, or in compound drought occurrence over northern mid-latitudes or in southern dry, and a
drying trend elsewhere. Our analysis further shows that the compounding of the three drought types has become more common
in most hydrobelts over the last six decades. Other literature also supports this finding, stating that compound droughts are
becoming more frequent globally due to climate change (von Matt et al., 2024). These patterns are further confirmed by Porkka
et al. (2024) who used ISIMIP 2b data (the previous round of experiments to our study using ISIMIP 3a) to investigate how
streamflow and soil moisture percentiles deviate from a pre-industrial baseline. Their results showed a wetting trend,

particularly for soil moisture, in the high latitudes and a generally drying trend across most of the other global land area.

In a study based on satellite observations of Terrestial Water Storage (TWS), Chandanpurkar et al. (2025) suggested that the
high latitude areas (mainly boreal hydrobelt) are drying over the most recent two decades (2002—-2024). TWS measures contain
all stored water, including glaciers and permafrost, which are not a component of our study. As water stored in ice melts, the
water is released into the landscape and will appear as increased soil moisture and streamflow, which is reflected in our results
for the boreal hydrobelt (Figure 3B). For TWS, however, the signal decreases when the moisture released from ice evaporates
or gets transported away as streamflow. We should note, however, that we provide our results over 1961-2020, while

Chandanpurkar et al. (2025) consider more recent trends over 2002—2024.

Comparing our findings to more local studies, Wu et al. (2022) studied the propagation of meteorological drought to
hydrological drought in South China, using observed hydrological data from years 1960 to 2015. They also use SPI and SSI
indices and run theory to identify drought events. The main difference between their analysis and ours lies in the definition of
drought events: they defined a drought event as a period during which the drought index time series (i.e., SSI or SPI) remains
below zero for at least three months, whereas in our study, a drought event was defined as a period when the indices fall below
—1. Their results showed that most compound drought events lasted less than three months, which matches our results showing

durations below two months in South China as well as globally.

4.2 Uncertainty in the ensemble

Numerous studies have shown that global hydrological modelling has high uncertainties arising from poor data quality,
difficulty in addressing human impact on a global scale, and selecting appropriate model structures and parameters (Reinecke

et al., 2025). Selection of drought indices bring additional uncertainties due to their subjectivity and because the relationship
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between drought indices can differ between regions. For instance, Afshar et al (2022) reported that SPI generally correlates
better with soil moisture drought in northern and SPEI in the southern hemisphere. Figure SA shows the global patterns
between the probability of compounding (conditional on any drought type) and the coefficient of variation in the probability
within our ensemble of nine estimates. The bivariate map shows that large uncertainties can be found everywhere in the world,
particularly in deserts and drylands, boreal hydrobelt and in the tropics. This variability is likely due to model structure and/or
global parametrisation not being able to represent hydrological processes in drylands (see, for example, Quichimbo et al.,
2021). Our chosen empirical drought indicators are also not optimal for the purpose; if, for instance, streamflow timeseries
contains more than 16% of zero-flow days, eSSI with a drought threshold of -1 will never be able to detect a drought. In areas

with a significant number of zero-flow days, a different drought index could reduce this uncertainty (Cammalleri, 2024).

Disagreement and uncertainty within the ensemble are clearly visible in Figure 5B, which shows how the probability of
compounding varies across hydrobelts and different sizes of drainage basins. All the ISIMIP model runs showed that the
probability decreases as basin size increases. This is due to the increasing heterogeneity in the conditions within large basins
compared to smaller ones, as well as attenuation and propagation of the precipitation to hydrological drought. However, from
the plots in Figure 5B, it is clear that model runs forced with GSWP3-WS5ES resulted in substantially smaller probability of
compound droughts. The same applies for available runs with the global hydrological model MIROC-INTEG-LAND. The
simulations with models HO8 and WaterGAP 2.2e agree with one another across most hydrobelts, though it should be noted

that HO8 shows significantly larger probability of compounding in the boreal hydrobelt (Figure 5B).

Figure 5C shows a timeseries of the streamflow percentiles, with clearly visible issues in Central Africa (0.25° N, 23.25° E,
falling in the Equatorial Hydrobelt). ERAS precipitation is known to have problems in the tropics (e.g. Lavers et al., 2022;
Rivoire et al., 2021). Starting from approximately 1998, the streamflow percentiles begin to decline, and by 2005 for all three
assessed GHMs forced with 20CRv3-ERAS mostly output streamflow that is below the lowest simulated streamflow within
the calibration period 1961-1990. Input forcing from 20CRv3-W5ES and GSWP3-WS5ES does not suffer from the same
behaviour — however, from the percentile timeseries, these model outputs are also anomalous with very little interannual
variation from 1998 to 2020. Keune et al. (2025) recently published a global drought dataset derived from ERAS5 data, which
includes SPI, and the Central African anomaly we observe is not present in their dataset. They fit their distribution to a different
period (1990-2020) and use ERAS data directly, rather than the adjusted dataset from ISIMIP3a. The very high trend is also
visible in the study by Gebrechorkos et al. (2025) for Standardised Precipitation and Evapotranspiration Index, based on
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Figure 5. Uncertainty of the compound droughts within the ensemble. Panel A shows a bivariate map between the ensemble median
probability of compounding and its coefficient of variance within the ensemble. Panel B shows how the probability of compounding
varies between hydrobelts, basin size, model and forcing datasets. Panels C—F show timeseries of percentiles from the empirical
distribution for four locations indicated in Panel A, shown for all GHMs. The panels are separated by the forcing data used to run
the GHMs. The vertical bar in the timeseries denotes 1990, which ends the period 1961-1990 used to train the empirical distributions.
The horizontal bar denotes the drought threshold used in this study.
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CHIRPS (Funk et al., 2015) and MSWEP (which includes ERA-Interim, the predecessor of ERAS, as well as CHIRPS as a
part of its components; Beck et al., 2019) climate data. Nonetheless, the anomaly we observe here pushes our results in Central
Africa higher and are likely not truly valid for this region. This influence is also seen in the trends in Equatorial Hydrobelt:
past 1998, the number of days under compound drought increased sharply for 20CRv3-ERAS5 forced models and thus pushes

the median and the trend line higher.

Figures 5SD-F shows the same timeseries of streamflow percentiles as in Figure 5C, but for different locations each displaying
different behaviour of the set of estimates. In the Amazon (Figure 5D, 0.25° N, 57.75° W), the climate forcing datasets show
similar pattern throughout 1991-2020, with model runs forced by 20CRv3-ERAS5 giving the lower and simulations forced with
GSWP3-WS5ES higher values than others. Here, streamflow simulated by MIROC-INTEG-LAND is slower to react to changes
in forcing than those simulated by HO8 and WaterGAP 2.2e. In Northern Europe (Figure 5E, 58.25° N, 31.25° E), streamflow
simulations from MIROC-INTEG-LAND model are much slower to react than the other two models, and where model runs
forced with 20CRv3-ERAS shows more realistic behaviour. In East Asia (Figure 5F, 33.25° N, 117.25° E), all three GHMs in
the ensemble show similar behaviour across all three climate forcing datasets, with the only exception being the period after
2010, where streamflow simulations modelled with HO8 are somewhat higher than the other two models. These plots show
large differences between the ensemble members and shows that the relationship between the models is nonstationary across

different regions.

We report a major spread of compound drought estimates among the ISIMIP ensemble members. The uncertainty is
particularly evident in Central Africa and elsewhere in the tropics, but we showed that the behaviours of the models and the
climate forcing datasets differ elsewhere too. Future analysis of multivariate compound droughts covering all major
hydrological compartments would benefit from global hydrological modelling targeting drought representations in particular,
or other methodological techniques to improve drought representation on a global scale. Analysing the specific reasons for
which different GHM and climate forcing combinations result in such different compound drought characteristics is beyond
the scope of this paper (see Tiwari et al. ,2025 for an analysis of the differences between global water models). Reinecke et al.
(2025) provide insights into how hydrological modelling could be improved to reduce uncertainties. Understanding how
drought propagation behaves in GHMs in different regions and under different conditions could also help refine the estimates
(Zhang et al., 2022). Furthermore, drought-specific model averaging techniques may also improve drought representation in

GHM ensembles (such as Shakeel et al., 2025).
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4.3 Drought management and compound droughts

Current drought governance often focuses on individual drought types in isolation (e.g., meteorological drought), despite the
need for integrated governance across drought types (Ahopelto et al., 2023). Our findings highlight the need to revise drought
risk strategies and early warning systems to account for multi-dimensional, co-occurring droughts. In particular, policies that
integrate agricultural, water resources, and energy planning may better address the cascading impacts of compound droughts
across sectors. For example, such droughts pose significant challenges for energy systems like hydropower, which depends on
a stable water supply (van Vliet et al., 2016). This has already led to electricity shortages in countries including Indonesia, Lao
PDR, Ethiopia, and Brazil. Incorporating compound drought scenarios into integrated energy and water resource planning is
therefore essential to mitigate cascading failures across the water—energy—food nexus (Bazilian et al., 2011; Howells et al.,

2013).

Additionally, the uncertainties observed across global models in this study reinforce the need for adaptive governance
mechanisms that can operate under incomplete information (Guillaume et al., 2017; Walker et al., 2013). Grounded in
flexibility, scenario planning, and risk-based decision-making, such approaches may prove essential as climate change

continues to increase the frequency and complexity of drought impacts globally.

5 Conclusion

In this study, we present the first global multi-model analysis of multivariate compound droughts, encompassing
meteorological, agricultural and hydrological droughts. We examined the spatial patterns and temporal trends of compound
droughts over 1961-2020. Our results revealed substantial spatial differences in compound drought occurrence. The most
susceptible areas to compound droughts are in Southern Europe, East Asia, Insular Southeast Asia, Central Africa, and Western
South America. Globally, the El Nifio phase of ENSO contributes to longer compound drought events than the La Nifia phase
everywhere except for the Rift Valley area in Africa and in Western and Central Asia. There is a general drying trend across
different hydrobelts, with the strongest increase in compound droughts in the Equatorial hydrobelt. The outlier in the pack is
the Boreal hydrobelt, which is the only region showing a strong wetting trend and the lowest numbers of compound droughts.
We also showed that different drought indices provide a different lens to understand compound droughts. There is, however,
significant uncertainty in compound drought characteristics arising from different combinations of global hydrological models

and forcing data used to run them.

Our results help to understand the dynamics and trends of compound drought by identifying frequency and duration. This
understanding can support cross-sectoral drought preparedness actions and, for example, agricultural irrigation challenges

when hydrological drought co-occurs with other drought types. The results also highlight the need to improve drought
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adaptation, since the frequencies and durations have been increasing and are estimated to increase. The results also have
important implications for anticipatory and cross-sectoral drought governance globally. By identifying regions where
compound droughts are intensifying, this study supports the prioritisation of preparedness actions in some of the most

vulnerable areas.
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