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Abstract. Multi-hazard events can be associated with larger socio-economic impacts than single-hazard events. Understanding
the spatio-temporal interactions characterising the former is, therefore, of relevance to disaster risk reduction measures. Here,
we consider two high-impact hazards, namely wet and dry hydrological extremes, and quantify their global co-occurrence. We
define these using the monthly self-calibrated Palmer Drought Severity Index based on the Penman-Monteith model
(sc_PDSI_pm) covering the period 1950-2014, at 2.5° horizontal resolution. We find that the land areas affected by extreme
wet, dry and wet-dry events (i.e. geographically remote, yet temporally co-occurring wet or dry extremes) all display increasing
trends with time, of which changes in dry and wet-dry episodes are significant (p-value <<0.01). The most geographically
widespread wet-dry event covered a combined land area of 21 million km?, with documented high-impact flooding and drought
episodes spanning diverse regions. To further elucidate the interplay of wet and dry extremes at a grid-point scale, we introduce
two new metrics: the wet-dry (WD) ratio and the extreme transition (ET) time interval. The WD-ratio measures the relative
occurrence of extreme wet or dry events, whereas ET quantifies the average separation time of hydrological extremes with
opposite signs. The WD-ratio shows that the incidence of extreme wet episodes dominates over dry episodes in the USA,
northern and southern south America, northern Europe, north Africa, western China and most of Australia. Conversely,
extreme dry events are more prominent in most of the remaining regions. The median ET for wet to dry is ~27 months, while

the dry to wet median ET is 21 months. We also evaluate correlations between wet-dry hydrological extremes and leading
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modes of large-scale variability, namely the: El Nifio—Southern Oscillation (ENSO), Pacific Decadal Oscillation (PDO) and
American Multi-decadal Oscillation (AMO). We find that ENSO and PDO have a similar influence globally, with the former
significantly impacting (p-value <0.05) a larger area compared to the latter, whereas the AMO shows an almost inverse pattern,
and significantly impacts a larger overall area. Our analysis brings new insights on hydrological multi-hazards and are of direct
relevance to governments and organisations with globally distributed interests, such as (re)insurance companies. Specifically,
the multi-hazard maps may be used to evaluate worst-case disaster scenarios considering the potential co-occurrence of wet

and dry hydrological extremes.

Keywords: multi-hazards; PDSI; wet-dry; metrics; hydrological extremes

1 Introduction

Natural hazards can interact in diverse ways, leading to multi-hazard events that can exacerbate disaster losses when compared
to single-hazard occurrences (Zscheischler et al., 2018). Examples of multi-hazards are the co-occurrence of flooding with
wind damage from extra-tropical cyclones (De Luca et al., 2017), storm surge combined with fluvial flooding in deltas (Ward
et al., 2018), flood episodes along with droughts (Collet et al., 2018) and landslides triggered by earthquakes (Kargel et al.,
2016). Such combinations can lead to situations beyond the worst-case scenario planned by emergency managers, (re)insurance
companies, businesses and governments and thus present a critical challenge for disaster risk reduction (Zscheischler et al.,
2018). The relevance of multi-hazards has been recognised by both the scientific and stakeholder communities — both have
devoted significant efforts to the topic over the past decade (e.g. Forzieri et al., 2016; Gallina et al., 2016; Gill and Malamud,
2014; Kappes et al., 2012; Terzi et al., 2019; Zscheischler et al., 2018). Indeed, the United Nations Sendai Framework for
Disaster Risk Reduction (UNISDR, 2015) now advocates multi-hazard approaches to disaster risk reduction.

Analysis of multi-hazards is highly relevant given anthropogenic climate change. Events such as floods and droughts already
have significant socio-economic impacts (Barredo, 2007; Jonkman, 2005; Naumann et al., 2015; Zhang et al., 2011), and are
expected to become more frequent and/or severe in the future (Dai, 2012, 2011; Hirabayashi et al., 2013; Milly et al., 2002).
Numerous studies have investigated the combination of flood and drought events or, more generally, wet and dry hydrological
extremes at local and regional scales, for both present and future climates (e.g. Di Baldassarre et al., 2017; Berton et al., 2017;
Collet et al., 2018; Deangelis et al., 1984; Gil-Guirado et al., 2016; Oni et al., 2016; Parry et al., 2013; Pechlivanidis et al.,
2017; Quesada-Montano et al., 2018; Yan et al., 2013; Yoon et al., 2018). Examples include the analysis of abrupt drought-
flood transitions in river basins in China (Yan et al., 2013) and in England and Wales (Parry et al., 2013), but also the dynamical
interplay between society and hydrological extremes (Di Baldassarre et al., 2017) and indices assessing the long-term evolution

of wvulnerability and adaptation to both floods and droughts (Gil-Guirado et al., 2016). Other studies consider wet-dry
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interactions from a statistical perspective (Collet et al., 2018), or have related these two hazards to large-scale modes of climate
variability (Cai and Rensch, 2012; Lee et al., 2018; Nobre et al., 2017; Siegert et al., 2001; Ward et al., 2014; Yoon et al.,
2018).

Quantifying wet and dry (also extreme) hydrological events at both regional and global scales is a non-trivial task. Some
commonly used indicators include the Palmer Drought Severity Index (PDSI) (Dai et al., 2004; Palmer, 1965), the Standardized
Precipitation Index (SPI) (McKee et al., 1995, 1993) and the Standardized Precipitation Evapotranspiration Index (SPEI)
(Vicente-Serrano et al., 2010). For instance, the PDSI was used to evaluate the combined effect of the Pacific Decadal
Oscillation (PDO) and EI Nifio Southern Oscillation (ENSO) on global wet and dry changes over land, showing that when
these two modes are in phase (e.g. El Nifio-warm PDO) wet and dry events are amplified (Wang et al., 2014). The PDSI and
SPEI have also been used to quantify wet and dry trends over China (Rubel and Kottek, 2010), with a generally good agreement
between the two (Chen et al., 2017). At the global scale, the SP1 and SPEI were used to explore wet and dry links with ENSO,
PDO and the North Atlantic Oscillation (NAO) (Sun et al., 2016). The study found that ENSO has the greatest spatial impact
for wet and dry changes, followed by the PDO having an effect in the American continent and eastern Russia, and the NAO
affecting Europe as well as north Africa. Lastly, the SPI was also used in a global multi-model ensemble study of future
projections in pluvial and drought events (Martin, 2018). This revealed that more severe pluvial events are expected in already

wet regions and the same applies for more severe drought conditions in dry areas.

In this study we adopt a relatively broad definition of multi-hazard events, including both the temporal (yet spatially separate)
co-occurrence of wet and dry hydrological extremes at the global scale, and the rapid succession of hydrological extremes of
opposite sign at the same location. We emphasize that the term “hydrological extreme” does not necessarily imply observed
flooding or drought events, unless explicitly mentioned. The relevance of both types of multi-hazards is evident. Stakeholders
with geographically diverse portfolios, such as international corporations and (re)insurance companies, need to have a robust
understanding of the co-occurrence statistics of natural hazards. They also need to account for the occurrence of damaging
events in rapid succession, whose compound impacts may exceed the linear sum of the expected impacts for isolated wet and
dry extremes. Similarly, estimates of the range of times that intervene between the two different extremes can inform disaster
preparedness and prevention measures. Finally, national economies that are sensitive to agricultural output can be impacted

by the occurrence of sequential hydrological extremes (Zampieri et al., 2017; Zhang et al., 2015).

Notwithstanding their socio-economic relevance, concurrent wet and dry hydrological extreme events at the global scale have
seldom been addressed in the literature. One early study did consider combinations of wet and dry extremes via observed PDSI
for two thresholds (wet, PDSI > 3 and dry, PDSI < -3) (Dai et al., 2004). This showed that the total global land area (60°S-
75°N) impacted by wet-dry extremes increased between 1950 and 2002, with marked changes occurring from the early 1970s

and surface warming being attributed to these changes after the mid-1980s. We extend this analysis by: i) using an updated

3



10

15

20

25

30

time series (1950-2014); ii) introducing new metrics for assessing concurrent wet-dry extremes; iii) presenting findings at
monthly rather than annual resolution; and above all iv) defining the most geographically-widespread multi-hazard events,
occurring within each month, instead of simply considering extreme observations with PDSI > 3 and PDSI < -3. We explore
these multi-hazard properties using the monthly self-calibrated PDSI dataset (Dai, 2017; Sheffield et al., 2012). We specifically

address the following questions:

i) What were the most geographically-widespread extreme wet, dry and concurrent wet-dry events?

i) To what extent were these wet-dry PDSI extremes associated with documented flood and drought episodes?
iii) How frequent were extreme wet or dry events in the past?

iv) What is the most likely time interval between opposing extremes at a given location?

V) How wet and dry extremes are linked with predominant modes of climate variability?

2 Data and Methods

2.1 Data

We use the self-calibrated monthly-mean Palmer Drought Severity Index based on the Penman-Monteith model (sc_PDSI_pm)
(Dai, 2017; Sheffield et al., 2012) for the 1950-2014 period, at 2.5° horizontal resolution. Self-calibration enables a more
consistent comparison between different climatic regions, and the Penman-Monteith model outperforms the original PDSI
Thornthwaite algorithm (Wells et al., 2004) in representing potential evaporation at the global scale (Sheffield et al., 2012).
From this dataset, we obtain extreme wet and dry monthly observed events by filtering the data respectively for sc_ PDSI_pm
>3 and sc_PDSI pm < -3. These two thresholds represent very moist spells and severe droughts. Only grid-cells with time

series having > 95% of observations over the period of interest are considered.

We further analyse three climate modes of variability known to affect regional and global precipitation patterns: the Nifio3.4
(Rayner et al., 2003; Trenberth, 1997), PDO (Mantua and Hare, 2002) and Atlantic Multidecadal Oscillation (AMO)
(Schlesinger and Ramankutty, 1994). All these climate indices are at monthly time-resolution from 1950 to 2014, as issued by
the National Oceanic & Atmospheric Administration (NOAA).

2.2 Methods for identifying extreme wet, dry, neutral and wet-dry events

First we calculate the percentage of total land area impacted by the most widespread monthly extreme wet (sc_PDSI_pm > 3)
and dry (sc_PDSI_pm < -3) hydrological events along with neutral (-3 < sc_PDSI_pm < 3) and extreme wet plus extreme dry
events within the period 1950-2014. Monthly extreme wet events were calculated following De Luca et al. (2017) by: (i)
computing the wet annual maxima (AMAX), i.e. the highest sc_PDSI_pm observations within each calendar year, at each

grid-cell, (ii) counting the number of wet AMAX observations by date, and (iii) taking the extreme wet event with the most
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geographically-widespread impacts, i.e. largest impacted area (km?), within each month during 1950-2014. Extreme dry events
were calculated in a similar way to extreme wet events except that in place of AMAX the sc_PDSI_pm annual minima (AMIN),
i.e. the lowest sc_PDSI_pm observations within each year, were used to compute the extreme events. Neutral events were
identified as follows: i) extract the sc_PDSI_pm AMAX of (non-extreme) wet events (0 < sc PDSI _pm < 3); ii) extract the
sc_PDSI_pm AMIN for (non-extreme) dry events (-3 <sc_PDSI_pm < 0); iii) pool within the same dataset both (non-extreme)
wet/dry AMAX/AMIN events by month; iv) compute the most widespread neutral events by month as per above. Lastly,
concurrent extreme wet-dry events were calculated by summing their relative impacted areas (%) within each month. A Mann-
Kendall test (Kendall, 1975; Mann, 1945) was performed to assess any significant trends within each time series. Relative

Sen’s slopes (Sen, 1968) with p-values were also computed.

Second, to establish whether the most widespread extreme wet, dry and wet-dry events were solely due to chance, a boot-
strapping analysis of n=10,000 samples was performed from the original sc_PDSI_pm dataset. The boot-strapping’s steps were
as follows: i) prepare the complete global (i.e. all grid-cells) sc_ PDSI_pm dataset from 1950 to 2014; ii) sample, with
replacement, the sc_PDSI_pm values n=10,000 times from this global dataset; iii) calculate n=10,000 extreme wet and
n=10,000 extreme dry events with the same algorithm used above with the original dataset; iv) take the impacted area of the
most geographically-widespread wet and dry events for each sample; v) calculate the mean and corresponding 95% confidence
intervals (c.i.) for the extreme wet and extreme dry events. Statistical significance was assessed by checking whether observed
extreme wet or dry % of total impacted areas fell outside the 95% c.i. of the boot-strapped means. If this was the case, the

observations were considered statistically significant.

2.3 Wet-dry metrics

The wet-dry (WD) ratio is derived on a cell by cell basis by taking the natural logarithm of the total number of extreme wet
observations (months with sc_PDSI_pm > 3) divided by the total number of extreme dry observations (months with
sc_PDSI_pm < -3) over the 1950-2014 period:

WD — ratio, = In Z Wet; h/z Dry;n ¢y

where h refers to a single grid-cell and n; and n; are the total number of wet and dry events, respectively. The WD-ratio gives
information about the propensity of a given area to be more affected by wet or dry extremes. Thus, WD-ratio > 0 signifies that
wet extremes outnumber dry extremes and WD-ratio < 0 indicates a predominance of dry extremes over wet ones. The natural
logarithm was used to narrow the range of WD-ratio values and to separate the wet-dominated versus dry-dominated regions

by sign. As a caveat, we note that the WD ratio does not account for the different intensities of wet and dry extremes.
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Wet to dry and dry to wet transitions, here named extreme transitions (ET) were assessed for each grid-cell by computing the
average time interval (months) between these events, within the 1950-2014 period. More specifically, ET for wet to dry was
derived as follows, for each grid-cell: i) extract both wet (sc_PDSI_pm > 3) and dry (sc_PDSI_pm < -3) extreme observations
from the entire (1950-2014) sc_PDSI_pm dataset; ii) order observations by time, from oldest to the most recent; iii) retain only
the earliest event in the case of consecutive extreme dry observations and the latest in the case of consecutive wet observations;
iv) calculate the time interval (monthly difference) between wet and dry observations within the time-series; and v) take the
average of the time interval. The same algorithm was applied for calculating ET from dry to wet for each grid-cell, with the
only difference being in step iii) where the earliest wet and latest dry observations are kept and in step iv) where the time

interval is now calculated between dry to wet transitions.

To check the statistical significance of the observed ET, a boot-strapping analysis with n = 1,000 samples (10,000 samples
were not possible due to high computational demand) was performed in a similar way as for the most widespread extreme wet,
dry and wet-dry events. Here, for each grid-cell, the following steps were followed: i) from the main sc_PDSI_pm dataset
extract and flag extreme wet (sc_PDSI_pm > 3) and extreme dry (sc_PDSI_pm < -3) observations; ii) sample, with
replacement, n=1,000 of these wet and dry observations with the corresponding (sampled) date (year-month); iii) calculated
n=1,000 ET from wet to dry and n=1,000 ET from dry to wet using the same algorithm as per above; and iv) take the ET (wet
to dry and dry to wet) means with the relative 95% c.i. of the means. Statistical significance was assessed by checking, for
each grid-cell, if the observed ET time interval (wet to dry and dry to wet) mean fell outside the 95% c.i. of the boot-strapped

ET mean. If this was the case the observation was considered statistically significant.

2.4 Correlation with Climate Indices

Associations between extreme wet-dry hydrological extremes and the three modes of climate variability (Nifio3.4, PDO and
AMO) were assessed using Spearman’s rank correlation test. Specifically, the correlations were performed for each grid-cell
using monthly wet and dry extreme observations (sc_PDSI_pm > 3 and sc PDSI pm < -3) paired with the corresponding
monthly values of Nifio3.4, PDO and AMO. Spearman’s test does not require data to be normally distributed, which is the
case for the wet-dry extreme PDSI values. The wet-dry extreme datasets were computed, for each grid-cell, by adding together
the extreme wet and dry monthly observations within the 1950-2014 period. Since the number of correlation tests performed
is large (> 2,700) there is a risk of incurring in statistically significant results simply by chance. Thus, to account for Type |

errors (or ‘false positives’) the Bonferroni correction (Bonferroni, 1936; Sedgwick, 2014) was applied to all p-values.

Finally, since Nifio3.4 may affect correlations with other modes of climate variability, we removed this signal from the PDO
and AMO by performing partial correlations, with the R programming package ‘ppcor’ (see documentation here: https://cran.r-

project.org/web/packages/ppcor/ppcor.pdf) (Kim, 2015). Partial correlations can be seen as the relationship between two
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random variables after removing the effect of one or more other random variables. Here the partial correlations, between two
variables x; (e.g. PDO) and x; (e.g. sc_PDSI_pm) given a third variable x, (e.g. Nif03.4) is defined as follows (Kim, 2015;
Whittaker, 2009):

Tij — TirTjk
Tijlgk = ——— 7/—— (2)

V1= 1=

In this study we computed the partial correlations, using the Spearman’s correlation coefficient, for PDO and AMO, given the

Nifo3.4, with respect to sc_PDSI_pm extreme wet and dry observations.

3. Results

3.1 Land area impacted by extreme wet, dry, neutral and wet-dry events

The percentage (%) of total global land area impacted by the most widespread extreme wet, dry and neutral events is shown
in Figure 1, at monthly resolution from 1950 to 2014. For extreme wet events (Figure 1la, sc PDSI_pm > 3) the average
impacted area over the 65-year period is 2.17%. The most widespread wet event occurred in December 2010 (7.77%, discussed
in section 3.2). The Mann-Kendall test indicates a positive, though non-significant trend (with Sen’s slope = 1.6e-04). The rise

in extreme wet area is consistent with previous work (Dai et al., 2004).

For extreme dry events (Figure 1b, sc_PDSI_pm < -3) the average area is 2.38% and the largest event occurred in January
2003 (8.57%, discussed in section 3.2). In this case, the Mann-Kendall test indicates a positive and statistically significant (p-
value <<0.01) trend (with Sen’s slope = 1.7¢-03). This signifies that the total area subject to severe drought increased between
1950 and 2014. This result agrees with previous studies showing a global increase in drought risk, attributed to anthropogenic
climate change, in both observations and climate model simulations (Dai, 2012, 2011; Dai et al., 2004; Marvel et al., 2019).
Such changes in drought are linked to anomalies in tropical sea surface temperatures (SSTs) and therefore driven by both El

Nifio and La Nifia phases, along with increased surface warming from the 1980s.

The most widespread neutral events (Figure 1c, -3 < sc_PDSI_pm < 3) affect on average 13.64% of the global land area over
the 1950-2014 period. The Mann-Kendall test shows a negative and significant (p-value <<0.01) trend (with Sen’s slope = -
1.9e-03). Such a reduction in the area under neutral conditions is counteracted by the observed increasing trend of both extreme
wet and dry events. The neutral events show strong seasonality, with peaks of impacted area occurring during December. This

resembles what is seen for the most widespread wet and dry events, which also tend to occur mostly during boreal winter.



However, the fact that 73.4% of the global sc_PDSI_pm land area is in the northern hemisphere may introduce a bias in the
result.

Finally, the area with concurrent wet-dry hydrological extremes (Figure 1d) shows an increasing (Sen’s slope = 1.08¢-03) and
statistically significant (p-value <<0.01) trend, again in agreement with shorter records (Dai et al., 2004). The mean monthly

value of total global area with concurrent wet-dry extremes is 4.56%.
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Figure 1. Percentage (%) of total land area with (a) wet (blue) and (b) dry (red) extremes along (c) neutral (black) and (d)
extreme wet + extreme dry (orange) events over the 1950-2014 period. Wet extremes are sc_PDSI_pm > 3) and dry extremes
sc_PDSI_pm < -3 monthly observations. Sen’s slopes and the significance of the Mann Kendall test (p-values) are shown in
each panel.
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3.2 Concurrent global flood and drought events

We next consider the single most extensive wet, wet-dry and dry events, and show that they capture recorded severe drought
and flood events around the world. The most widespread global extreme wet event was also the most widespread wet-dry
event, and it occurred in December 2010 (Figure 2a). Recorded events matching this occurrence include the devastating
Queensland floods in Australia (BBC, 2010a; Smith et al., 2013; Trenberth and Fasullo, 2012; Zhong et al., 2013), heavy
floods and landslides occurring in south-east India killing more than 180 people (Reliefweb, 2010), widespread flooding and
landslides over Colombia and Venezuela causing about 300 deaths and leaving thousands homeless (BBC, 2010b; Telegraph,
2010; Trenberth and Fasullo, 2012) and flooding affecting the north-western USA (NWRFC, 2010). Severe wet conditions
were also recorded in central-eastern Europe, however no significant damages were reported by the media. Such a widespread
wet event impacted 7.77% of the total global land area. December 2010 was characterized by a very strong negative Nifio3.4
phase, within the 2010-2012 La Nifia event (Luo et al., 2017). Moreover, the PDO and AMO were respectively in their cold
and positive phases. The same phases occurred during November 2010 (not shown), and these antecedent conditions may have
contributed to the extreme wet and dry events in the sc_PDSI_pm series (Lee et al., 2018). At the same time, droughts were
recorded in central Asia, Madagascar, the Horn of Africa (BBC, 2011), south America, eastern USA (NOAA, 2011) and north
Canada, covering a total of 5.93% of land area. Both the extreme wet and dry percentages (%) of land area impacted are

significantly different from their respective values expected by chance (95% c.i.).

The most widespread extreme dry hydrological event occurred during January 2003 with 8.57% of total land area impacted by
drought and 3.84% of land experiencing wet hydrological extremes and floods (Figure 2b). During this event, eastern Australia
was the most affected region, experiencing the worst drought in 20 years, which was driven by an El Nifio event that lead to
severe dust storms and bushfires (Gabric et al., 2010; Horridge et al., 2005; Levinson and Waple, 2004; McAlpine et al., 2007).
This episode belongs to the so called ‘Millennium Drought” (Van Dijk et al., 2013) which affected Australia between 2001
and 2009. Other regions experiencing severe drought during January 2003 were north-east China, India (Sinha et al., 2016),
Scandinavia (Irannezhad et al., 2017), west Africa, parts of Brazil and a few scattered areas between Mexico, USA, Canada,
Russia and Indonesia. January 2003 was an El Nifio month with the Nifio3.4 index being in a positive phase at the same time
as a warm PDO phase. On the other hand, the AMO registered an almost neutral phase. As for the December 2010 episode in
Figure 2a, such climate patterns occurred also in the previous month. Meanwhile, other regions experienced wet hydrological
extremes and floods, such as south-east China, central Russia, Europe, southern Great Britain (BBC, 2003; Marsh, 2004),
Madagascar (Reliefweb, 2003), Argentina, Chile and scattered parts of Africa and Canada (DFO, 2008). The % of land area
impacted by both extreme wet and dry events during January 2003 was significantly different from the value expected by
chance (95% c.i.).
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Figure 2. (a) Most widespread extreme global wet hydrological event (blue colour) and coincident extreme dry areas (red
colour), December 2010. The event was also the most widespread concurrent wet-dry episode. The percentage (%) of total
land area is shown for both wet and dry extremes, along with the values of the three climate indices (i.e. Nifio3.4, PDO and
AMO) in December 2010. (b) As (a) but for the most widespread extreme global dry hydrological event, January 2003. (a)-
(b) The analysis is based on the self-calibrated monthly mean Palmer Drought Severity Index (sc_PDSI_pm) for the period
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3.3 Wet-dry (WD) ratio

The WD-ratio highlights regions that experienced higher or lower frequencies of wet or dry hydrological extremes (Figure 3).
The patterns identified here represent the 65-year propensity for more or less extreme wet or extreme dry events in a given
area. Hot spots for extreme wet tendency emerge in the USA, northern Mexico, Colombia, Venezuela, Argentina, Bolivia,
Paraguay, northern Europe, North Africa, eastern China and Australia. On the other hand, regions with higher frequencies of
extreme dry events are found in Canada, central south America, central and southern Europe/Africa, western China and south-
western Australia. Other regions, such as Russia, display mixed patterns. These WD-ratio patterns are in agreement with global
trends in drought over the 1950-2010 period, identified using the sc_PDSI_pm dataset (Dai, 2012).

WD-ratio II Il

-4.3 0 3.8

Figure 3. Wet-dry (WD) ratio derived for every grid-cell. Blue colours (WD-ratio > 0) mean that the area experienced more

wet than dry hydrological extremes. Red colours (WD-ratio < 0) indicate the opposite.
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3.4 Extreme transitions (ET)

In Figure 4a we show the extreme transitions (ET), in time interval (months), from wet to dry and dry to wet extreme events
within the period 1950-2014 plotted against the percentage of total land area impacted. The ET from wet to dry (blue curve)
exhibits a peak at 22-months with 4.3% of total land having this mean time interval. On the other hand, ET from dry to wet
(red curve) peaks at 18-month with almost 5% of global land having this average separation time. Overall, ET from wet to dry
takes longer than ET from dry to wet. According to the boot-strap analysis, the ET for wet to dry extremes are statistically
significant in all grid-cells; for dry to wet only 10 grid-cells are not different from chance. We also show the cumulative
distribution functions (CDFs) of wet to dry and dry to wet ET time intervals (Figure 4b). For wet to dry 50% of the ET occur
within ~27 months, whereas for dry to wet 50% of ET are observed within 21 months. The two ET distributions are

significantly different (p-value <<0.01, Mann-Whitney-Wilcoxon test) under the null hypothesis that their means are equal.

Moreover, ET from dry to dry and wet to wet were also computed (not shown). Dry to dry time intervals peak at 27 months
with 3.21% of land area impacted, whereas wet to wet time intervals peak at 30 months with 3.14% of area affected. For dry
to dry ET 50% occurred within ~37 months and the same but for wet to wet ET in ~36 months. A Mann-Whitney-Wilcoxon
test shows that the two distributions are significantly different (p-value <0.01), under the null hypothesis that their means are

equal as per the multi-hazards case.

12
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Figure 4. Extreme transition (ET) time intervals between extreme wet to dry (blue) and between extreme dry to wet (red). (a)
ET as a function of the total percentage (%) of total land area impacted and (b) cumulative distribution functions (CDFs). The
horizontal black line in (b) indicates the 50™ quantile (i.e. median) of the distribution and the blue and red lines the respective
ET time intervals. The two distributions show a statistically significant difference in their means (p-value <<0.01, Mann-

Whitney-Wilcoxon test).
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3.5 Correlations with climate indices

In Figure 5 we show global correlations between hydrological extremes (wet and dry) and the three major modes of climate
variability (Nifio3.4, PDO and AMO), which are known to have a significant effect on regional precipitation/temperature
patterns and hence flood and drought events. Details of the calculation are provided in Section 2.4. We also computed the same
correlation tests for the NAO (Barnston and Livezey, 1987), Pacific North-American (PNA) pattern (Barnston and Livezey,
1987) and Quasi-Biennial Oscillation (QBO) (Baldwin et al., 2001), however very few correlations were statistically

significant (not shown).

ENSO is one of the modes with the most widespread global impacts and is here represented by the Nifio3.4 index (Figure 5a).
The positive phase of Nifio3.4 (which can lead to EI Nifio events), is negatively correlated (p-value <0.05) with extreme wet
sc_PDSI_pm values over parts of central Canada, northern South America, southern Africa, India, central China, central and
northern Russia, Indonesia and eastern Australia. On the other hand, positive and significant correlations are found over
southern USA, in some scattered regions of central and southern south-America and in the Middle East. This implies that a
positive Nifio3.4 phase is associated with a lower likelihood of extreme wet hydrological events (sc_PDSI_pm > 3) in these

regions, whereas negative Nifio3.4 phase (possibly leading to La Nifia events) typically enhances such extremes.

In Figure 5b-c we show global partial correlations between hydrological extremes, measured with sc_PDSI_pm, and
PDO/AMO maodes of climate variability with the ENSO signal removed. Correlations for PDO (Figure 5b) generally resemble
the spatial patterns found for Nifio3.4. Here, negative correlations are also found in north-western North-America, equatorial
Africa and eastern Russia. At the same time, almost all significant correlations over Australia, China and India vanish. On the
other hand, positive correlations are found in central-western USA, southern South-America and Kazakhstan. The fact that
Nifio3.4 and PDO correlations show very similar spatial patterns (Figures 5a and 5b) suggests that when these two indices are
in phase (i.e. El Nifio-warm PDO and La Nifia-cold PDO), wet and dry changes are magnified (Wang et al., 2014). The
correlation pattern shown in Figure 5b also agrees with season-ahead peak river flow correlations with the PDO (Lee et al.,
2018).

The pattern of AMO correlations (Figure 5c¢) differs from Nifio3.4 and PDO indices and returns a greater number of significant
(p-value <0.05) grid-boxes than Nifio3.4 (2.5% more grid-cells overall). For the AMO, negative and significant correlations
are found in Brazil, Argentina, Mexico, scattered areas in north America, the Horn of Africa and eastern China. Positive
correlations are found in the Sahel region of Africa, Russia and central Asia. Our results are again in agreement with global

season-ahead correlations found between peak river flows and AMO (Lee et al., 2018).
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Figure 5. Correlations between extreme wet (sc_PDSI_pm > 3) and dry (sc_PDSI_pm < -3) hydrological events and (a)
Nifio3.4, (b) PDO and (c) AMO. For (b) and (c) partial correlations are performed to remove the Nifio3.4 signal. Correlations
and partial correlations make use of the Spearman’s correlation coefficient. Correlations significant at the 5% level (p-value
<0.05) are shown by stippling. The Bonferroni correction was applied to all p-values. In (b) and (c) the ENSO signal has been

removed via partial correlations.
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4. Discussion and Conclusions

Natural hazards, such as wet and dry extremes, can coincide over time and space creating multi-hazard events in turn leading
to significant socio-economic losses. Geographically remote co-occurring extremes pose a potential economic risk to
stakeholders with global assets and/or supply chains. For instance, knowledge of recurrent patterns of coincident hydrological
extremes could be used to hedge losses, in regional hydropower production (Ng et al., 2017; Turner et al., 2017) and/or with
respect to crop yield (Leng and Hall, 2019; Xie et al., 2018; Zampieri et al., 2017), planting and harvesting (Sacks et al., 2010).
Rapid successions of extremes at the same location pose challenges for disaster preparedness, management and risk reduction.
Floods and droughts are expected to become more frequent and severe in the future due to anthropogenic climate change
(Arnell and Gosling, 2016; Dai, 2012; Hirabayashi et al., 2013; IPCC, 2012), underscoring the importance of research on

multi-hazard hydrological extremes.

In this study we investigated a range of multi-hazard hydrological extremes at the global scale during the period 1950 to 2014,
with the primary objective of identifying the most geographically-widespread events. Our secondary goal was to develop new
metrics for describing some of the properties of wet-dry extremes, namely combinations of wet and dry extremes at locations,
or their succession at a given location. We found that the land area affected by extreme dry and geographically remote wet-
dry events has increasing and statistically significant trends. This coincides with the expectation that such hazards are set to
increase (Glineralp et al., 2015; Hirabayashi et al., 2013), and is in agreement with previous studies (Dai, 2012; Dai et al.,
2004). In the present work, however, we applied a more stringent definition of extreme events (De Luca et al., 2017), which
captures well-known flooding and drought episodes. We further showed that these extremes can have global-scale impacts, by

giving emphasis to the most widespread wet, dry and wet-dry events.

We further introduced two new metrics, the wet-dry (WD) ratio and the extreme transition (ET) between wet/dry and dry/wet
extremes. The former discerns the local predominance of extreme wet or extreme dry events, by considering both types of
extremes simultaneously. Areas experiencing more wet than dry extremes were detected in the USA, northern and southern
South-America, northern Europe and North Africa, western China and most of Australia. More dry than wet extremes were
experienced in most of the remaining areas. Such knowledge, although based on historical observations, could raise awareness
amongst emergency planners, (re)insurance companies, farmers, relief organizations, and international agencies to better plan
and adapt to extreme wet and dry hydrological events. The ET metric estimates for every grid-cell the average time interval
between opposing extremes (i.e. transitions from wet to dry and from dry to wet). Our results show that the two ET time-series’
means differ significantly (p-value <<0.01) and that ET between wet to dry are on average slower than dry to wet (22- versus
18-month interval on average). Knowing long-term changes in ET time intervals between wet to dry and dry to wet
hydrological extremes can be significant for emergency planners, local businesses, governments and stakeholders. For
example, if average intervals shorten, losses could accrue more frequently, causing recurrent shocks to local economies and,

in some regions, impeding development.
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The analysis was based on the self-calibrated monthly-mean Palmer Drought Severity Index. Future research opportunities
include the use of other indices, such as the Standardized Precipitation Index (McKee et al., 1995, 1993) or the Standardized
Precipitation Evapotranspiration Index (Vicente-Serrano et al., 2010) to validate our findings and to account for uncertainty in
the observations of concurrent wet-dry extremes. Emphasis should also be given to evaluating the seasonality of the extremes,
as more robust and meaningful patterns could emerge, specifically with respect to correlations with modes of climate
variability. Similar analyses could be applied to single Képpen climate zones (Rubel and Kottek, 2010) to discern possible
regional variations in concurrent wet-dry extreme characteristics. Finally, once baseline maps and data for hydrological multi-
hazards have been established from observations, the next step could be to investigate with climate model output how these

phenomena may change under anthropogenic climate change.

To this end, it is important to identify possible climate drivers of the observed hydrological extremes. In this study, we
computed correlations between wet-dry hydrological extremes and the corresponding values of the ENSO, PDO and AMO
indices. The global correlation patterns for ENSO confirm previous studies (Emerton et al., 2017; Lee et al., 2018; Wang et
al., 2014; Ward et al., 2014), that investigated the effect of both El Nifio and La Nifia events on global flood hazard and global
season-ahead correlations between river peak flows and climate indices, such as ENSO, PDO and AMO. We further highlight
that ENSO-induced wet and dry changes are magnified when in phase with the PDO index. Global correlations are found
between the sc_PDSI_pm and PDO/AMO too. The PDO patterns generally match those of ENSO, and this confirms the finding
that when ENSO and PDO are in phase they amplify the global wet and dry changes (Wang et al., 2014). The AMO, however,
shows different and in some cases opposite correlation patterns when compared to ENSO and PDO. Correlations of
hydrological extremes with modes of climate variability can be helpful for seasonal and sub-seasonal hydrological forecasting
and, in this case, they provide information about what kind of climate index phase is driving wet and dry extremes in different
regions globally. They also point to physical mechanisms, linked to climate dynamics, which may have not been uncovered

yet.
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