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Unravelling the origin of the atmospheric 
moisture deficit that leads to droughts

Luis Gimeno-Sotelo    1, Rogert Sorí    1, Raquel Nieto    1, 
Sergio M. Vicente-Serrano    2 & Luis Gimeno    1 

Drought is one of the most catastrophic natural hazards, and precipitation 
plays a major role in the development and intensification of drought 
events. The amount of precipitation resulting from humidity transported 
from a given moisture source can be key in revealing the origin of the 
atmospheric moisture deficit underlying drought occurrence. Here this 
study demonstrates, for the first time, the predominant role of moisture 
transport deficit in drought genesis. In most land areas, the estimated 
conditional probability of drought given an equivalent moisture deficit 
received either from the ocean or from the continents is higher than 10%. 
This probability is over 15% in the regions where the main atmospheric 
moisture transport mechanisms are active and over 20% in some hotspot 
regions, such as central-east North America, south-east South America and 
east Europe, where lower incoming moisture is almost synonymous with 
drought occurrence. Our results indicated that the contribution deficit of 
the dominant moisture source to the precipitation of a region could improve 
the predictability of droughts, with enormous hydrological, socioeconomic 
and environmental implications.

Droughts are the main natural hazard on a planetary scale, responsible 
for 650,000 deaths from 1970 to 20191, billion-dollar economic losses2 
and ecosystem impacts3. Despite being very complex phenomena that 
involve several aspects of the hydrological cycle, with several con-
nections to ecosystem processes and water management4–8, the main 
driving factor of droughts is a precipitation deficit compared with 
normal conditions9,10. This deficit can essentially occur for three rea-
sons: because there is less moisture available for precipitation, because 
there is less atmospheric instability that forces air to rise, or a simul-
taneous occurrence of both. The relationship with moisture content 
may vary between different locations and seasons depending on the 
horizontal and temporal scale analysed, with the importance of insta-
bility usually being greater than the importance of moisture content, 
with the exception of its influence on extreme precipitation11,12, where 
the humidity content is more important than instability. This is why, 
traditionally, there have been studies on meteorological and climatic 
conditions that do not favour instability mechanisms and therefore 
favour the occurrence of droughts (for example, Trenberth et al.13).  

One major reason for the lower influence of the moisture content than 
the instability is the fact that it is not possible to determine how much 
water vapour is involved in precipitation simply from the amount of 
water vapour in an air column at any given time. The local humidity 
existing in an air column is mostly insufficient for generating precipi-
tation14, and lower humidity levels available for precipitation (local 
and advected) generally imply a deficit in the moisture that reaches 
the site in question. Therefore, moisture transport deficits generally 
lead to drought occurrence15. In this Article, this physical dependence 
between moisture transport and precipitation is the baseline for study-
ing the statistical relationships between droughts and moisture source 
contribution deficits.

Atmospheric humidity that causes precipitation in a region can 
have two origins: (1) direct transport from the ocean or (2) subsequent 
recycling from the continents themselves16–18. The processes that con-
trol evaporation over oceans or continents and moisture transport are 
very different; additionally, there is a variable relationship between 
the oceanic and terrestrial origins of precipitation, both globally and 
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dominant experience higher drought probabilities given a moisture 
contribution deficit from the global oceanic area (Fig. 1a,c); similarly, 
in regions where the terrestrial component dominates, moisture 
contribution deficits from the global terrestrial area lead to higher 
drought probabilities (Fig. 1b,d). When analysing the terrestrial origin 
of precipitation, it is observed that the continental area where drought 
occurrence is influenced by the moisture deficit from terrestrial origin 
is very large, including almost the whole Eurasian continent, America 
and a large part of Africa and Australia. This highlights the importance 
of recycling processes in drought occurrence28 given the high level of 
land evapotranspiration in continental regions29,30. The spatial pattern 
is very similar, regardless of whether drought is defined with monthly or 
seasonal Standardized Precipitation Index (SPI1 or SPI3, respectively) 
values. Moreover, a similar spatial pattern between time scales can also 
be identified when the threshold is changed according to the higher 
probabilities P × 3, P × 4 and P × 5.

As the conditional probability of drought increases (P × 3 and 
P × 4), the areas become more restricted, and the patterns reveal the 
regions where the main activity of moisture transport mechanisms 
takes place at a planetary scale15,31. For instance, the role of atmos-
pheric rivers (ARs) in the oceanic origin of drought can be observed 
in areas in which precipitation is dominated by this phenomenon (for 
example, western coasts of North America and Europe)32. Moreover, 
the roles of tropical cyclones (TCs) in the oceanic origin of drought 
(for example, the eastern coast of North America) and that of low-level 
jets (LLJs) in the oceanic origin of drought in northern South America 
or in the terrestrial origin in the La Plata basin, whose main moisture 
source is the Amazon basin, are visible33,34. In regions with no major 
moisture transport mechanisms, such as the interior of the Eurasian 
continent, the influence of recycling and propagation between terres-
trial sources and sinks has been observed in drought development35. 
Terrestrial evapotranspiration changes are expected as a consequence 
of anthropogenic forcing36. Further, key variations in the position and 
intensity of moisture transport mechanisms, including an increase 
in the intensity and poleward displacement of ARs37, changes in the 
frequency, intensity and position of some LLJs38 and a reduction in the 
frequency of TCs39 is also expected. These changes have implications 
for the future occurrence and intensity of droughts in the regions 
indicated by P × 3 and P × 4.

There are some hotspot regions where the conditional probability 
of drought occurrence, given an equivalent deficit in moisture trans-
ported from oceanic or terrestrial sources, is considerably high, with 
values in the P × 5 category. Considering a SPI at a time scale of 1 month, 
these areas can be identified in the Pacific and Atlantic coasts of North 
America, Western Europe and south-eastern China, with a moisture 
deficit of oceanic origin, and the interior of Eurasia and La Plata basin 
in South America when the origin is terrestrial. When the drought time 
scale is increased to 3 months, for the moisture deficit of terrestrial 
origin, the hotspot regions also include the north American Great 
Plains and some areas of inner China, southern Africa and Australia.

This influence of the oceanic or terrestrial origin of moisture on 
the genesis of droughts can be altered by changes in the atmospheric 
general circulation. Since a global estimate is difficult to achieve with 
the methodology used in this work, we can get closer to knowing if 
these are very relevant by quantifying the changes associated with two 
modes of climate variability that generate important changes in global 
circulation, namely the El Niño/Southern Oscillation, due to its global 
effect, and the North Atlantic Oscillation for its regional effects in the 
North Atlantic. The obtained patterns for the different mode phases 
(Supplementary Figs. 3 and 4) are not very different except for some 
slight displacements of the regions where the highest probability 
values occur and some intensifications of the probabilities in known 
regions of influence of these modes on precipitation occurrence40,41. As 
such, a greater extent of the importance of both oceanic and terrestrial 
sources in the genesis of drought is generally observed for the negative 

regionally19. The main sources of humidity are those regions where 
evaporation greatly exceeds precipitation, which mainly occurs in 
subtropical oceans, some quasi-inland seas (Mediterranean and Red 
seas), and the two terrestrial areas known as green oceans—the Amazon 
and Congo river basins20.

The locations where the humidity coming from the entire ocean 
or continent precipitates have been previously reported19, as well as 
the sinks of the humidity that originates from these large individual 
sources20. The effects of anomalous moisture transport on droughts in 
specific regions (for example, Drumond et al.21)—even in those that are 
very remote from moisture sources—have also been studied22, as well 
as the effect of variables closely related to the balance of evaporation 
and precipitation such as the sea surface salinity (for example, Rathore 
et al.23). However, the probability of drought occurrence under a given 
deficit in moisture transported from global oceanic and terrestrial 
areas and each of these major sources has not been fully evaluated 
globally. Understanding the relationship between drought and mois-
ture deficit propagation in the atmosphere would provide a window of 
opportunity to predict precipitation deficits that has not been explored 
yet. Lagrangian approaches19,24 that analyse moisture transport are 
highly promising for assessing this issue because they may estimate 
how much precipitation can be attributed to moisture arriving from a 
source and reveal the origin of the atmospheric moisture deficit under-
lying the occurrence of droughts. Applying this approach, we have 
quantified the extent to which moisture transport affects droughts on a 
global scale, considering both the entire oceanic and terrestrial areas as 
moisture sources as well as the major individual sources on the planet. 
Moreover, we have found that, in some world regions, the contribution 
deficit of the dominant moisture source may have predictive potential 
for drought occurrence.

Moisture deficit from ocean versus land 
triggering droughts
Using monthly values of precipitation and moisture source contribu-
tions to precipitation from a given source region, we apply techniques 
from copula theory to estimate the conditional probability of drought 
occurrence given an equivalent moisture source contribution deficit, 
that is, using the same threshold in standardized units for the defini-
tion of both phenomena (see Methods for details). A moisture source 
contribution deficit refers to a deficit of the moisture in the sink region 
as a consequence of a moisture transport deficit from a given source, 
understood as a transport of humidity from a given source to a given 
sink of a lower value than the usual (climatological). The moisture 
source contributions were estimated by Lagrangian techniques on 
the basis of tracking the positions and changes of specific humidity 
of all the particles that reach a given grid element and is in line with a 
set of different methodologies with similar Lagrangian foundations, 
very successfully used in the last two decades (for example, Stohl and 
James25, van der Ent et al.17, Tuinenburg et al.26 and Dey et al.27).

If we account for the contribution of the whole oceanic global 
area and the whole terrestrial global area, we find that the conditional 
probability of drought occurrence given a moisture deficit from oce-
anic or terrestrial origin can be substantially different (Fig. 1 and Sup-
plementary Figs. 1 and 2). It can reach values over two (P × 2), three 
(P × 3), four (P × 4) or five (P × 5) times greater than 5%, which is the 
conditional probability that indicates that drought occurrence and 
moisture transport deficit are independent, meaning that in that situa-
tion a moisture source contribution deficit does not have any influence 
on drought occurrence. Figure 1 is the representation of those spatial 
patterns (P × 2, P × 3, P × 4 and P × 5), which show the regions where a 
moisture deficit from oceanic or terrestrial origin is strongly associated 
with drought occurrence on an annual scale.

The P × 2 pattern is very similar to that of the percentage contribu-
tion to precipitation of oceanic and terrestrial origins (see Fig. 2c in 
Gimeno et al.19). Regions where the oceanic origin of precipitation is 
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phase of El Niño/Southern Oscillation in comparison with the positive 
one, and of the oceanic source in the positive phase of North Atlantic 
Oscillation compared with the negative one.

Moisture deficit from major sources leading to 
droughts
Once the oceanic or terrestrial origin of the moisture deficit that gener-
ates drought is revealed, it is also possible to know the major planetary 
moisture source responsible for this deficit. Considering the conditional 
probability of drought given an equivalent moisture deficit from the 
major planetary moisture sources on an annual scale (Fig. 2), the spatial 
pattern of the regions where each moisture source is most influential in 
terms of droughts is similar to that regarding precipitation occurrence 
(see Fig. 4 in Gimeno et al.20) and extreme precipitation (see Fig. 5a in 
Vázquez et al.24). A detailed analysis of the conditional probability of 
drought given a deficit from each of these major moisture sources shows 
noticeable spatial differences and well-delineated regions of influence, 
as well as some seasonal differences mainly evidenced in the extension 
of the sinks (Supplementary Figs. 5–17).

Overall, there is a good match between relevant continental areas 
identified in Figs. 1 and 2, with the main discrepancies observed in 
southern Africa and large sectors of Asia. That is so because Fig. 1 
accounts for the whole oceanic source and the whole terrestrial source, 
whereas Fig. 2 only accounts for major oceanic sources and the two 
major terrestrial ones, the Amazon and Congo basins. It does not 
include other minor oceanic sources and all terrestrial sources except 
for the two major ones, which implies the non-inclusion of recycling 
in all regions with the exception of the Amazon and Congo basins. The 
North Pacific source has the greatest influence on drought occurrence 
in the western half of North America and the eastern Asian coast, the 
Caribbean and Gulf of Mexico sources in the eastern half of North 
America, the North Atlantic source in Western Europe and northeastern 
South America, the Mediterranean source holds the main influence 
over the inner Eurasian continent, while the South Pacific and South 
Atlantic sources hold moderate influence over some coastal regions 
of South America, South East Asia and Southern Africa. Finally, the 
Indian sources are the main influence on drought occurrence in con-
tinental monsoon regions (Fig. 2). Thus, drought occurrence in most 

regions of the Indian subcontinent is mainly influenced by moisture 
deficits from the northwestern Indian source region; called in these 
works the Zanzibar Current and Arabian Sea. Additionally, droughts 
in Australia are mainly affected by a moisture deficit from the central-
eastern Indian source. The two terrestrial sources have influence over 
their own basins and surrounding areas, which are very extended and 
intense for the Amazon and less extended for the Congo. In general, 
the extent and magnitude of the influence of the moisture deficit from 
major moisture sources is greater under a 3 month time scale than 
under a 1 month time scale.

This general pattern and the probability values could be altered by 
a very diverse set of factors, such as changes in the extent and position 
of the sources or changes in the temperature contrast between the 
continental sink and the oceanic source with variations in the relative 
humidity in the continental sink. The first of these effects cannot be 
appreciated in this paper since the methodology used implies the use 
of the main climatological sources (Methods), but the influence of the 
second one can be estimated to a certain extent. The land–ocean tem-
perature contrast may play a role since the ocean temperature sets the 
saturation specific humidity such that it is not able to maintain relative 
humidity levels when supplying much warmer land (for example, Byrne 
and O’Gorman42 and Wainwright et al.43). For each oceanic moisture 
source, we have calculated the conditional probability of drought in 
the continental area where it is dominant, according to Fig. 2a, given 
an equivalent moisture transport deficit from that source for two sub-
samples: high land–ocean temperature contrast and low land relative 
humidity versus low land–ocean temperature contrast and high land 
relative humidity (Supplementary Table 1). It is expected that, in the 
case of high temperature contrast between the continental sink and 
the oceanic source occurring together with low relative humidity in 
the continental sink, the role of the oceanic source in the precipitation 
of the land sink decreases. Thus, in that situation, the contribution of 
moisture from the continental sink region itself by evapotranspiration 
due to the high evaporative demand would have a greater relevance35, 
and it can be expected that the probability of drought given a moisture 
transport deficit from the source will be lower than in the case of low 
temperature contrast and high relative humidity. Among the 11 oceanic 
moisture sources considered in this study, the results confirmed what 
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Fig. 1 | Conditional probability of drought occurrence given an equivalent 
moisture deficit from oceanic or terrestrial origin on an annual scale.  
a–d, Moisture deficit from oceanic origin for SPI time scales of 1 month (a) and 
3 months (c) and from terrestrial origin for SPI time scales of 1 month (b) and 
3 months (d). Probability is expressed as how many times greater it is than that of 

the independence case (5%), together with the corresponding values. Statistical 
method I was applied to the contribution to precipitation of oceanic and 
terrestrial origins (see Methods for details). A Gaussian filter was used to remove 
the spatial random noise (original values can be found in Supplementary  
Figs. 1a,d and 2a,d).

http://www.nature.com/natwater


Nature Water | Volume 2 | March 2024 | 242–253 245

Article https://doi.org/10.1038/s44221-023-00192-4

is stated above, finding significant differences in this sense for eight 
of the sink regions.

Figure 3 focuses on those regions with a high conditional prob-
ability (P × 3 and P × 4) of drought occurrence given an equivalent 
moisture deficit from those major moisture sources on an annual 
scale. Most areas with P × 3, P × 4 and P × 5 found in Fig. 1 appear, and it 
is now possible to identify the moisture source regions responsible for 
the transport deficit. Occasionally, drought occurrence is influenced 
by the deficit from a single source, such as the North Pacific source 
for drought conditions in western North America. However, in other 
cases, multiple sources are responsible, as in the case of eastern North 
America, with up to three sources influencing droughts in that region: 
the North Atlantic, North Pacific and Caribbean/Mexican sources. 
The probability of suffering droughts at time scales of 1 and 3 months 
when there are deficits in a single moisture source is over four times 
greater than that of the independence case in three large continental 
areas (Fig. 3b,d): central-east North America (CENA), associated with a 
moisture deficit from the Caribbean/Mexican source, south-east South 
America (SESA), associated with the Amazon source and east Europe 
(EEur), associated with the Mediterranean source.

Potential of moisture transport in drought 
predictability
Even with the extraordinary advance of weather and climate models 
largely linked to the great advance in computing, and better observa-
tions and modelling abilities, droughts are very difficult to predict44, 
mainly because of the limited predictability of precipitation over time 

spans longer than 15 days45. Thus, seasonal to annual precipitation defi-
cit predictions, which are relevant for drought prediction, are highly 
uncertain, particularly at mid-latitudes46,47. Therefore, and based on 
the use of models, whether they are weather or climate ones, it could 
be more advantageous to use predicted moisture transport than pre-
dicted precipitation to estimate the predicted occurrence of droughts 
in the same given future period. The reason for this is that models are 
able to predict large-scale circulation much better than smaller-scale 
phenomena, and taking into account that moisture transport is related 
to larger-scale circulation, it can be assumed that its predictability will 
be better than in the case of precipitation, which is more conditioned 
to more complex and smaller-scale atmospheric processes48. For 
medium-range (submonthly) time scales, Lavers et al.49 demonstrated 
that integrated vertical moisture transport (a measure of moisture 
transport) was more predictable than precipitation in northwestern 
Europe and the western US, and the results obtained by Gvoždíková 
and Müller50 for Central Europe are in line with it. For seasonal time 
scales, Wang and Yuan51 for China’s Yangtze River basin and Gao et al.52 
for the Northern Hemisphere also show the greater predictability of 
moisture transport. In this study, we show that the moisture transport 
deficit may affect drought severity in large world regions. Therefore, 
in regions where moisture transport deficits are strongly related to 
precipitation deficits, droughts could be potentially predicted on the 
basis of moisture transport. Figure 4 shows the conditional probability 
of drought given the observed values of moisture contribution deficits 
from the main moisture source of each of the three hotspot regions 
previously discussed, that is, CENA, SESA and EEur. Each of these three 
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Fig. 2 | Moisture source with the highest associated conditional probability 
of drought given an equivalent moisture deficit from the major planetary 
moisture sources (both oceanic and terrestrial), together with the 
associated probability, on an annual scale. a–d, The spatial pattern of the 
dominant moisture source for SPI at 1 month (a) and 3 month (c) time scales 
and the associated probability for SPI at 1 month (b) and 3 month (d) time 
scales. Probability is expressed as how many times greater it is than that of the 
independence case (5%), together with the corresponding values. Statistical 
method I was applied to the contribution to precipitation of each of the major 
moisture sources (see Methods for details). NPAC, North Pacific Ocean moisture 

source; CAR, Caribbean Sea and Gulf of Mexico; NATL, North Atlantic Ocean; 
MED, Mediterranean Sea; SPAC, South Pacific Ocean; SATL, South Atlantic Ocean; 
AMAZ, Amazon River basin; CONGO, Congo River basin; AGU, Agulhas Current 
region; IND, Indian Ocean; CORAL, Coral Sea; RED, Red Sea; ZANAR, Zanzibar 
Current and Arabian Sea region. Oceanic moisture source regions are coloured 
with a light shading, and the land areas where each moisture source is dominant 
are represented by a dark shading. For the Amazon and Congo river basins, they 
are delimited by solid green and blue lines, and their areas of dominance are 
represented by oblique lines of those colours, respectively. A Gaussian filter is 
used to facilitate visualization.
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regions have a single dominant major moisture source: the Caribbean/
Mexican source for CENA, Amazon source for SESA and Mediterranean 
source for EEur. Strong moisture source contribution deficits are asso-
ciated with the highest drought probability values in all regions and 
time scales. Moreover, the observed cases with the highest values of 
drought probability corresponded to situations in which extreme and 
severe droughts took place. This means that the metric generated using 
moisture source contribution deficits reproduces droughts reasonably 
well in the analysed regions. Thus, considering a well-known drought 
event for each of those regions (Supplementary Table 2), the condi-
tional probability of drought given the observed value of the moisture 
source contribution deficit at the peak of each event was estimated. 
The peak of the event was determined on the basis of the lowest SPI 
value. As such, it was found out that the probability of drought was 
higher than the independence case (5%) for all regions and both the 
1 and 3 month SPI. Further, very high probabilities were obtained for 
CENA using the 1 and 3 month SPI (68.3% and 78.1%, respectively) and 
for EEur using the 1 month SPI (61.9%).

Conclusions
The results presented demonstrate the key role of the moisture trans-
port deficit in drought genesis, especially in certain regions where 
drought is caused by a moisture deficit of oceanic or terrestrial origin, 
and in which drought severity is strongly determined by particular 
moisture sources. Our results suggest that the conditional probability 
of drought occurrence is at least two times greater than the independ-
ence case (5%) when there is an equivalent deficit of moisture received 
from either the ocean or continents in most regions. This indicates 
that moisture deficit plays a notable role in the development and/or 
intensification of drought events. Moreover, there exist certain hotspot 
regions in which this probability is three or more times greater than 
the independence case, owing to their low incoming moisture, as well 
as other regions in which this probability is much higher (CENA, SESA 

and EEur), where a moisture deficit from the major source (Caribbean, 
Amazon and Mediterranean, respectively) is almost synonymous with 
drought occurrence.

This work provides an opportunity to improve drought predict-
ability in some world regions. The analysis of the three hotspot regions 
showed an agreement between the estimated drought probability 
based on the moisture deficit and the observed drought severity.

Further, this study could be a first step to studying the extent to 
which global climate change affects the relationship between moisture 
source contribution deficits and drought occurrence. It is expected 
that climate change can affect these relationships through shifts in 
circulation altering the source to sink patterns, mainly associated with 
changes in position and intensity of the Intertropical Convergence Zone 
and Hadley cells in tropical regions and the storm track in extratrop-
ics53,54. Additionally, these relationships could also be affected by the 
land–ocean warming contrasts with faster warming over land than the 
ocean and subsequent continental relative humidity decline, which 
have implications for current and future changes in moisture supply 
with impacts on the drought severity and likelihood (for example, Byrne 
and O’Gorman42, Wainwright et al.43 and Allan et al.55). In our current 
climate, this work already points to the direction that the relationship 
between droughts and moisture transport deficits may be slightly 
different when there are different conditions of relative humidity and 
land–ocean temperature contrast or changes in circulation associated 
with different phases of modes of climate variability.

The seasonal and climatic predictive power of the methodology 
used in this study opens new relevant topics to be explored, such as the 
role of the specific moisture sources of a given region in drought devel-
opment, or the implications for the predictability of flash droughts56 
or rapid hydrological transitions or ‘whiplash’57. These are phenomena 
that, when developed on smaller time scales than usual droughts, close 
to the submonthly scale, could benefit from the improved predictabil-
ity of moisture transport versus precipitation.

a c
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Fig. 3 | Regions where the conditional probability of drought occurrence 
given an equivalent moisture deficit from the major moisture sources of the 
planet is over three and four times greater than that of the independence 
case, respectively, on an annual scale. a–d, Patterns corresponding to a 
conditional probability over three times (a and c) or four times (b and d) greater 
than the independence case (5%) for SPI at 1 month (a and b) and 3 month (c and 

d) time scales. In b and d, the rectangles represent the boundaries of the three 
large continental areas influenced by a single moisture source with a conditional 
probability being more than four times greater than the independence case, 
namely CENA, SESA and EEur. Acronyms of moisture sources are the same as 
those used in Fig. 2. A Gaussian filter is used to facilitate visualization.
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Methods
Calculation of drought indices
In this study, droughts were defined as monthly or cumulative pre-
cipitation deficits over 1 and 3 month periods obtained using the SPI58, 
denoted as SPI1 and SPI3, respectively. The election of SPI instead of 

other indices that include temperature, such as the Standardized Precip-
itation–Evapotranspiration Index (SPEI)59 or the evaporative demand60 
is twofold: (1) the study focuses on the short-term drought variability. 
In this case, the role of warming on drought severity is less relevant as 
the sensitivity of the SPEI to the increased atmospheric evaporative 
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Fig. 4 | Conditional probability of drought occurrence given observed values 
of moisture contribution deficits from the main moisture source of CENA, 
SESA and EEur, respectively. a–f, Conditional probabilities for the CENA region 
using a SPI at the time scales of 1 month (a) and 3 months (d), the SESA region 
using a SPI at the time scales of 1 month (b) and 3 months (e) and the EEur region 
using a SPI at the time scales of 1 month (c) and 3 months (f). Statistical method II 
was applied to the contribution to precipitation series of the Caribbean/Mexican 
source for CENA, of the Amazon source for SESA and of the Mediterranean 
source for EEur (see Methods for details). Grey bands indicate 95% statistical 

confidence for the conditional probability (measure of centre for the error 
bands). Drought categories are taken according to the scale defined by McKee et 
al.58, that is, the SPI thresholds of −2, −1.5, −1 and 0 refer to extreme droughts (red 
circles), severe (orange circles), moderate (green circles) and mild ones (blue 
circles), respectively. For each region and time scale, a purple triangle and an 
arrow are used to indicate the probability corresponding to the observed value 
of the moisture source contribution in the peak of the well-known drought event 
presented in Supplementary Table 2.
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demand is mostly recorded on long time scales as a consequence of the 
high autocorrelation that characterises multi-scalar drought indices. 
Moreover, for the short-term variability, the SPEI is mostly driven by 
precipitation so the inclusion or not of the atmospheric evaporative 
demand is not going to produce a large impact on the obtained results, 
and (2) the study focuses on the role of moisture transport on drought 
severity so we try to isolate this influence, which is recorded on precipi-
tation. Precipitation is driven by different dynamic and thermodynamic 
mechanisms but the availability of air moisture is a fundamental driver. 
On the contrary, the variability of the atmospheric evaporative demand 
is driven by other mechanisms, fundamentally thermodynamic, includ-
ing radiative forcing as a consequence of enhanced emissions of green-
house gases and also land–atmosphere feedbacks associated with the 
availability of soil moisture and the partition of sensible and latent heat 
fluxes. Although air humidity is a driver of the vapour pressure deficit, 
which has a role in the atmospheric evaporative demand, it has been 
observed that the main driver of changes in atmospheric evaporative 
demand is temperature. Thus, from a physical perspective, the inclu-
sion of the atmospheric evaporative demand would include some noise 
in the analysis, as a component that is not expected to be related with 
air humidity transport would be included. The positive (negative) SPI 
values represent values that are higher (lower) than the mean precipi-
tation, indicating wet (dry) conditions that can be spatio-temporally 
compared. Thus, the SPI1 reflects short-term precipitation conditions 
and the SPI3 short- and medium-term ones, providing a seasonal esti-
mation of precipitation and reducing the influence of precipitation 
variability on a monthly scale. The SPI application can be closely related 
to meteorological types of drought along with short-term soil moisture 
and crop stress61, but it is also useful for assessing hydrological and 
ecological drought impact62,63.

The global gridded SPI was computed using the 0.5° × 0.5° monthly 
Multi-Source Weighted-Ensemble Precipitation (MSWEP) series for 
the 1980–2018 period. MSWEP dataset v2.8 (ref. 64) is a high-quality 
global product that takes advantage over other observed and estimated 
precipitation datasets because it merges gauge, satellite and re-analysis 
data. However, it has some limitations in the representation of pre-
cipitation in some regions, owing to variations in the number of daily 
observations and short periods with available data64. In some regions, 
such as Africa, the number of gauge observations is quite low, which 
might negatively impact the performance of the product, particularly 
affecting the identification of hydroclimate extremes65. Despite this, 
it has been shown that MSWEP performed better than other rainfall 
datasets (for example, Integrated Multi-satellitE Retrievals for GPM 
and Climate Hazards Group InfraRed Precipitation with Station data) 
at the daily time scale over the continent66. Another limitation of this 
product is that the climatology of the precipitation probability distri-
bution in the latest version of MSWEP is based on the European Centre 
for Medium-Range Weather Forecasts re-analysis ERA5 (ref. 67), which 
leads to an underestimation of the maximum values, although it can 
generally capture their locations and patterns68.

Calculation of the contribution to precipitation from the 
whole oceanic and terrestrial moisture sources
The moisture contribution to precipitation over land has two possible 
origins: the oceans and the continents. Nieto and Gimeno69,70 proposed 
a methodology to obtain both contributions using an approach based 
on a Lagrangian technique for estimating the precipitation given the 
moisture transported from the two sources separately, which was 
already used by Gimeno et al.19 to study changes in the ratio between 
them in the current climate. For this study, we used 0.5° × 0.5° monthly 
datasets for the 1980–2018 period of oceanic and terrestrial moisture 
contributions to precipitation.

These authors used the outputs of the Lagrangian particle disper-
sion model FLEXPART v9.0 (refs. 71,72) that moves approximately two 
million air parcels (of constant mass, m) in which the atmosphere was 

divided every 6 h for the period 1980–2018. The air parcels in the model 
were moved and have the meteorological characteristics given by the 
ERA-Interim73 re-analysis from the European Centre for Medium-Range 
Weather Forecasts.

The air parcels residing over the whole ocean and the whole con-
tinents, separately, were tracked forwards in time to determine the 
changes in specific humidity every 6 h (dq/dt, dt = 6 h) along each 
trajectory for each of them. They were tracked by considering the 
optimum residence time of the water vapour in the atmosphere for each 
continental grid point, that is, the best Lagrangian time to match the 
precipitation data obtained from a reference re-analysis (ERA-Interim 
in this case) and the Lagrangian precipitation70,74,75.

The individual increases (e) and decreases (p) of humidity were 
calculated as (e − p) = m(dq/dt). The vertical integration of these indi-
vidual (e − p) values over each gridded area, from the surface to the top 
of the atmosphere, provided an estimation of the surface freshwater 
flux (E − P), where E is the evaporation and P the precipitation rate per 
unit area. Values over zero indicate the prevalence of evaporation in 
the column, whereas negative values indicate moisture loss, which 
normally occurs by condensation and precipitation, so it was consid-
ered as a contribution to precipitation25,76. Hence, Nieto and Gimeno70 
computed those values of (E − P) < 0 over each grid point over the 
continents, which are considered as contributions to precipitation, 
for those air parcels with oceanic and terrestrial origin, respectively, 
being the both components of the total Lagrangian precipitation. The 
moduli of their final values were used for practical purposes.

To analyse the role of the oceanic and terrestrial moisture sources 
in drought events, we calculated analogous standardized indices to the 
SPI for every grid point using both the oceanic and terrestrial contri-
butions to precipitation separately. Those standardized indices were 
denoted as SPIc.

Our approach only takes values in regions and times where the 
evaporation minus precipitation (E − P) balance is negative to define 
precipitation, so the dataset used mainly shows the precipitation-deficit 
drought, although evaporation could be relevant for drought intensifi-
cation under some conditions77,78. Nevertheless, the main role of pre-
cipitation on drought development and intensification is indisputable. 
Evapotranspiration could have a role on short time scales of precipitation 
deficits (for example, 1 month SPI). However, when moving to longer time 
scales (for example, 3 month SPI), which are representative of cumulative 
precipitation deficits, necessary to trigger a drought event, precipitation 
is the main variable controlling drought variability. Even using the atmos-
pheric evaporative demand instead of evapotranspiration, precipitation 
is the main variable controlling variability of drought indices79. It is also 
important to warn on the use of (P − E) to assess drought severity. This is 
a metric that is widely used to assess changes in the water availability for 
long periods (from annual to decadal) and it has shown changes for the 
long term80. Nevertheless, for the assessment of short-term droughts, 
the use of (P − E) as a metric of drought severity is highly problematic, 
particularly during the dry season, in which E can be limited by the soil 
water availability, which can be determined by the precipitation over a 
long period. If E is suppressed given low soil moisture, this may produce 
situations in which under drought conditions, short time scales of (P − E) 
may provide positive values (indicative of humid conditions), given 
reduced E. This was illustrated with the extreme drought that affected 
southwestern Europe and North Africa in 2005, in which drought sever-
ity was not identified using (P − E) at short time scale81. For these reasons 
(and the existing uncertainties for a reliable estimation of E, including 
the important role of land cover changes), we consider it better to con-
strain our analysis to a drought metric based on precipitation, which is 
less uncertain, widely used for drought monitoring and early warning, 
and recommended by the World Meteorological Organization as the 
reference metric for drought quantification82.

As the moisture transport data is based on the ERA-Interim, in a 
first approximation, the uncertainties of estimating moisture transport 
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are those derived from the re-analysis uncertainties. For moisture trans-
port estimation, uncertainties are mainly those linked to the correct 
estimation of atmospheric circulation and of the water vapour content. 
Owing to its construction process, based on a circulation model, one 
of the strong points of the re-analysis is the good reproduction of the 
large-scale general circulation of the atmosphere, so large uncertain-
ties cannot be expected in this sense. Those linked to moisture content 
may be greater. In a very recent comparison between daily re-analysis 
data with the new Total Column Water Vapour Data Record (v2)—devel-
oped by the European Space Agency in coordination with the Satellite 
Application Facility on Climate Monitoring—Eiras-Barca et al.83 showed 
low bias in most oceanic and continental areas, being generally less 
than ±2 kg m−2 in the main regions where moisture transport influ-
ences precipitation (regions of occurrence of ARs, LLJs and TCs). The 
temporal correlations between the re-analysis data and that new data 
record were above 0.8 in most areas of the world, finding the highest 
discrepancies in the main tropical rainforest regions.

Calculation of the contribution to precipitation from major 
moisture sources
Following the same methodology, we determined the individual mois-
ture contributions to precipitation over the continents from 11 major 
climatological oceanic moisture sources20 and two key terrestrial 
sources: the Amazon and Congo river basins84,85, for the 1980–2018 
period. In these regional forward experiments, the set of particles over 
each moisture source was selected.

As was done for the oceanic and terrestrial standardized indices, 
to analyse the role of the major moisture sources in drought events, 
we calculated analogous indices to the SPI for every grid point using 
their individual moisture contribution to precipitation. That is, we 
obtained the SPIc values corresponding to the contribution to pre-
cipitation from the major individual moisture sources. To analyse the 
three hotspot regions (CENA, SESA and EEur), the monthly MSWEP and 
each moisture source contribution series for the 1980–2018 period 
were spatially averaged over each studied region before obtaining the 
standardized indices.

The approach has some limitations linked to the definition of mois-
ture source regions. Our analysis is based on a set of geographically 
fixed sources, namely all ocean versus all land in a first approximation 
and the 13 most important source regions at a global level estimated 
by climatological values (as revealed by the secular paper, Gimeno et 
al.20). Therefore, it does not allow to analyse changes in the positions 
of the sources, although it permits changes in the intensity of moisture 
transport from the source to any potential sink. This change in transport 
can be due to either a change in evaporation from the source, a change 
in the circulation from source to sink, or in both. Obviously, a given sink 
region can have specific source regions, which can vary both in posi-
tion and intensity in current and future climates. But even analysing 
the specific sources of a given sink region, the use of source regions of 
variable extension over time does not allow the approximation used 
in this study, based on the probability of drought occurrence given a 
moisture source contribution deficit, since this requires the same source 
extension conditions. That is why the factor ‘change in the position of 
the source’ is not included in this study and the climatological positions 
were taken as a basis. However, and for specific target regions, other 
non-probabilistic approximations can be used based on extension and 
intensity anomalies of the source regions for drought events, widely 
used in previous studies (for example, the catalogue by Drumond et al.21 
for the Intergovernmental Panel on Climate Change reference regions).

Statistical method I: estimation of the conditional probability 
of drought occurrence given an equivalent moisture source 
contribution deficit
In this study, we relied on techniques from the copula theory86 to esti-
mate the probability of drought occurrence for a given moisture source 

contribution deficit. It is increasingly popular to model the dependence 
structure of a pair of variables by fitting a copula model, particularly in 
hydroclimatic applications87. Copulas offer a versatile framework for 
estimating conditional probabilities, as they enable the generation 
of synthetic data that preserves the observed dependence structure 
between the variables. It is a flexible methodology, as it is possible to 
choose a copula function that closely matches the observed depend-
ence pattern. Whether relationships are linear, non-linear, symmetric 
or asymmetric, copula models can capture them effectively. Copulas 
excel in modelling tail dependence, which is crucial when studying 
extreme events such as droughts88–90. Although other statistical meth-
ods have been used in the context of compound extreme events, such as 
event coincidence analysis91, multi-type point processes92 or counting 
the simultaneous/consequential occurrences of multiple extremes93, 
the singular properties of copulas permit a complete understanding 
of the dependence structure of the variables90 and that is the reason 
why we opted for this methodology in this study.

We followed the semiparametric approach for model fitting by 
obtaining uniformly transformed values of the original variables (known 
as pseudo-observations) and applying the maximum likelihood estima-
tion to obtain estimates of the copula parameters94. USPI and USPIc denoted 
the variables on a uniform scale. For each grid point, copula models were 
fitted to model the dependence structure of each (USPI, USPIc) pair for 
each moisture source contribution. For the 1 month temporal scale, all 
observations (monthly values) were used for model fitting. However, for 
the 3 month scale, only observations corresponding to March, June, Sep-
tember and December were considered, as they are the representative 
values of the corresponding seasons, that is, January–March, April–June, 
July–September and October–December, respectively.

We used R software95, namely, the R package VineCopula96. Six 
different types of parametric copulas were used—Gaussian, Student t, 
Clayton, Gumbel, Frank and Joe copulas; their expressions can be found 
in Czado97. Using these copula models, it becomes possible to flexibly 
represent the dependence structure of the studied pair of variables. They 
provide a wide array of different radial asymmetry or symmetry shapes 
and tail dependence behaviour. Among the asymmetric models, the 
Clayton copula is used to model dependence in the lower tail, while the 
Gumbel and Joe can model upper tail dependence. Regarding the sym-
metric ones, the Gaussian and Frank copulas do not exhibit tail depend-
ence, while the Student t copula can capture both lower and upper tail 
dependence. The independence copula (product copula) was also used, 
which corresponds to the case of both variables being independent.

Among the fitted copula models, the one with the lowest Akaike 
information criterion value was selected98. The statistical test by Huang 
and Prokhorov99 based on White’s100 information matrix equality was 
applied to test the null hypothesis that the selected parametric copula 
model fits well to the data. Using the selected fitted copula model, we 
obtained 100,000 simulated values for the variables on a uniform scale. 
The large sample size allowed the estimation of the probability of the 
SPI being lower than its fifth percentile (approximately −1.64), condi-
tional on the SPIc being lower than its corresponding fifth percentile 
(approximately −1.64), as follows:

	1.	 Among the 100,000 simulated values of (USPI, USPIc), we selected 
the bivariate observations such that USPIc ≤ uSPIc,5%.

	2.	 We constructed the empirical cumulative distribution function 
of USPI conditional on USPIc ≤ uSPIc,5% and denoted this as 
̂FUSPI |USPIc≤uSPIc,5%.

	3.	 We computed ̂FUSPI |USPIc≤uSPIc,5% (uSPI,5%), which is an estimate of 
P(USPI ≤ uSPI,5%|USPIc ≤ uSPIc,5%)

∼ P(SPI ≤ −1.64|SPIc ≤ −1.64),

where uSPI,5% and uSPIc,5% are the fifth percentile values of the uniformly 
transformed values for SPI and SPIc, respectively.
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We used the same threshold (in standardized units) for both the 
SPI and SPIc when estimating the desired conditional probability (that 
is, we based our analysis on an ‘equivalent moisture deficit’) because 
our aim was to analyse droughts and moisture source contribution 
deficits defined under the same conditions.

Statistical method II: estimation of the conditional 
probability of drought occurrence given an observed value of 
moisture source contribution deficit
To estimate the conditional probability of drought occurrence given 
an observed value of moisture source contribution deficit for the three 
selected regions, the method was the same as that previously discussed 
in terms of model fitting. However, in this case, the 100,000 simulations 
were obtained from the conditional distribution function of SPI given 
an observed value of SPIc. That is, for an observed value of SPIc (let it 
be denoted as SPIcobs, and let uSPIcobs be the uniform-transformed value), 
the method is as follows:

	1.	 We used 100,000 simulated values of USPI|USPIc = uSPIcobs to 
construct its empirical cumulative distribution function, 
denoted as ̂FUSPI |USPIc=uSPIcobs

.
	2.	 We computed ̂FUSPI |USPIc=uSPIcobs

(uSPI,5%), which is an estimate of 
P(USPI ≤ uSPI,5%|USPIc = uSPIcobs )

∼ P(SPI ≤ −1.64|SPIc = SPIcobs),

where uSPI,5% is the fifth percentile value of the uniformly transformed 
values for SPI.

Uncertainties in the probability estimation were assessed using 
a repeated sampling procedure adapted from Ribeiro et al.101, which 
enabled us to construct confidence intervals for the conditional 
probabilities. The procedure performed was the following: once the 
copula model was selected by means of the Akaike information cri-
terion, we obtained a sample of 1,000 values for each conditional 
probability. Using that sample, we computed the 2.5% and 97.5% 
percentiles, corresponding to the lower and upper bounds of the 95% 
confidence interval for each conditional probability, respectively. 
Each of the 1,000 values of the sample was obtained by using n simu-
lated values of USPI|USPIc = uSPIcobs , with n being the number of 
observations.

Reporting summary
Further information on research design is available in the Nature Port-
folio Reporting Summary linked to this article.

Data availability
European Centre for Medium-Range Weather Forecasts Re-analysis 
dataset used to run FLEXPART and to calculate trajectories should 
be downloaded through the routine script available at https://www.
flexpart.eu/downloads. Precipitation data used to calculate drought 
indices are taken from MSWEP, publicly available for download via 
https://www.gloh2o.org/mswep/.

Code availability
The FLEXPART model used to calculate trajectories is publicly available 
and can be downloaded from https://www.flexpart.eu/wiki/FpRoad-
map. TROVA software used to calculate the contribution of the mois-
ture sources is publicly available and can be downloaded from https://
github.com/ElsevierSoftwareX/SOFTX-D-22-00100. For the calculation 
of the Standardized Precipitation Index (SPI) and the contribution 
indices obtained in an analogous way to SPI, the R package SPEI was 
used (available at https://cran.r-project.org/web/packages/SPEI/index.
html). The conditional probability estimation was performed using the 
R package VineCopula (available at https://cran.r-project.org/web/
packages/VineCopula/index.html).
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Ecological, evolutionary & environmental sciences study design
All studies must disclose on these points even when the disclosure is negative.

Study description The study is based on reanalysis data, a set of global climate data freely available with 6-hour temporal resolution
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