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Compound coastal and inland flooding can result in catastrophic impacts in densely populated low-lying coastal areas. The
dynamics and interactions between the underlying meteorological drivers in view of climate change are not fully understood at
global scale. Here, we show that under a high emissions scenario the concurrence probability of extreme meteorological tides and
inland precipitation would increase by more than 30% on average along coastlines worldwide by 2100 compared to present. In
latitudes above 40o north, compound meteorological extremes would become more than 2.5 times as frequent, while they would
happen less frequently in parts of the subtropics. Climate-induced dynamics in precipitation extremes contribute to about 80%
of the projected change in concurrence probability, while dynamics in meteorological tides account for 16% and those in the
dependence between the two extremes for 4%. Our results indicate that not accounting for these effects in adaptation planning
could leave coastal communities insufficiently protected against flooding.

Introduction
A considerable portion of the global population lives in low-lying coastal areas that are at risk of flooding from sea-level 1,2,3 and precipitation/river discharge extremes 4,5,6,7 . The concurrence or short succession of these two hazards can cause compound flooding that can
result in larger impacts than those caused by the individual hazards 8,9,10 , as exemplified by recent high-impact events like hurricanes
Harvey, Irma, and Maria 11,12 . Compound flooding occurs when inland rainfall flood potential is enhanced by high meteorological tides
that obstruct the gravity-driven drainage of excess fluvial and/or pluvial water into the sea 13,14 , or when flooding from meteorological
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tides is amplified by precipitation 8 .
Compound flooding has been studied at local to global scale for present climate. Studies of recent mid-latitude events have increased
the understanding of the mechanisms driving compound flooding 14,15,16,17,18,19 . At a larger scale, present-day compound flood hazard
has been assessed for the US 8 , Australia 20,21 , and Europe 9,10,13,22,23,24 considering co-occurring sea-level and precipitation (or river
discharge) extremes. Most of these large-scale studies used field observations that do not cover the entire global coastline 10,12 . Recent
advances in ocean modelling has resulted in the generation of sub-daily continuous time-series of sea levels with global coverage 1,25
that enable comprehensive global assessments of present-day compound flood hazard 26,27 .
Sea level rise (SLR) will push mean and extreme sea levels upward 1 . A study by Moftakhari et al. 28 at eight estuarine systems along the
coasts of the United States shows that this will increase compound flood hazard in the future. However, ultimately flooding in coastal
zones is driven by extreme meteorological conditions. Hence, combined and interrelated effects of changes in intense precipitation 5,29
and meteorological tide 1 in view of global warming can alter compound flood hazard in low-lying coastal areas around the world. These
effects were not considered in Moftakhari et al. 28 and have only been studied for Europe 10 , while a global overview is missing.
Here we present a first comprehensive global analysis of compound meteorological extremes in present and future climate. We combined
outputs from global climate models (GCMs) and ocean models in order to assess the spatio-temporal dynamics of the meteorological
drivers of compound flooding along the global coastline during this century. Daily time series of storm surges 1 and waves 1,30,31 were
available from ocean model simulations forced with reanalysis data for the present 32 and with CMIP5 GCM climate projections up to
the end of the century under a high emissions scenario (RCP8.5) 33 . Daily precipitation time series from the reanalysis data and GCMs
in the neighbouring coastal zone were aggregated over 3-day windows 8,10,27,34 . We define extremes of meteorological tide and precipitation as events that occur on average once a year in the present climate and assessed the joint return period of concurring extremes in
present and future climate 35 . Concurrence probabilities (or inversely return periods) were computed from the bivariate distribution of
meteorological tides and precipitation based on parametric copulas that model the pairs of high values only 8,10 .

Results
Present-day concurrence of extreme precipitation and meteorological tide
Present-day concurrence probabilities of ocean and inland meteorological extremes, expressed as joint return period, are mapped in
Figure 1 and summarised per IPCC region in Supplementary Table 1. Low joint return period values indicate higher dependency
between extremes in precipitation and meteorological tide, with a value of 365 years expected under complete independence. The
global median return period of 18 years shows that in the majority of coastlines around the world, ocean and inland meteorological
extremes are strongly correlated and roughly 20 times more likely to co-occur compared to when they would be independent. There is,
however, strong spatial variability in concurrence probability, with joint return periods that can vary several orders in magnitude.
Cyclonic configurations cause strong surface winds and low atmospheric pressure at the sea surface with consequent high meteorological
tides 10,17 . As a result, concurrent extreme precipitation and high meteorological tides are primarily driven by low-pressure systems
(Supplementary Fig. S1) 8,10 . The highest concurrence probability (lowest joint return period) at present is therefore observed in regions
with high tropical (TC) or extratropical (ETC) cyclone activity, such as the US, eastern Central America, eastern Madagascar, Europe,
northern Africa, northern and eastern Australia, India, northern Southeast Asia, China, and Japan (Fig. 1 and Fig. 2a,b). In these
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regions, extreme precipitation and meteorological tides presently coincide every 4 to 8 years. Off the west coast of Central America and
Mexico, TCs are also frequent but they usually do not cross the coast (Fig. 2b), which results in somewhat higher joint return periods
(8-16 years). Overall, extensive tropical regions with low cyclonic activity exhibit low concurrence probabilities (Fig. 1 and Fig. 2a,b).
While cyclones cause high sea water levels, high cyclonic activity not necessarily implies a high probability of concurrent intense
precipitation. For example, although cyclones are more frequent over northern Europe than the Mediterranean Sea (Fig. 2a), the two
regions show comparable joint return periods (Fig. 1) because the fraction of precipitation extremes caused by cyclones is similar
among the two regions 36 . In addition, even with high cyclonic activity and the relevance of cyclones for precipitation extremes the
regional concurrence probability can be low. This is particularly the case when high meteorological tides and precipitation extremes are
caused by different cyclone types (e.g. cyclones tracking on different pathways) 22 , e.g. in the northern Baltic Sea, western Japan, and
western Sardinia (Italy) (Supplementary Fig. S2). We find in general that in areas with a low concurrence probability, coastal and inland
meteorological extremes tend to happen in different seasons (see similar spatial distribution of blue areas in Fig. 1 and Supplementary
Fig. S3a).
The highest number of concurring meteorological ocean and inland extremes in the tropics tend to occur in the TC season (Fig. 2c). This
is during May-November in central America, October-May around Madagascar and northern Australia, April-December around India,
and April-January in the Typhoon region. Similarly, at midlatitudes the concurrence frequency peaks around autumn-winter, when the
ETC activity is highest 36 . The longest season with concurrent extreme events is found along the eastern US coast (Fig. 2d), where
they are caused by both TCs and ETCs 8 that hit the coast in different seasons. Our findings on present-day dependency between the
meteorological drivers of compound flooding agree in general with those observed in previous regional and global scale studies (see
discussion in SI).

Projections of concurrent extremes in precipitation and meteorological tide
Under a high emissions scenario (RCP8.5), the meteorological drivers of compound flooding are projected to co-occur more frequently
along 62% of the global coastline by the end of this century (Fig. 3a). The global median change in return period ∆T is −24%, which
corresponds to joint extreme events becoming 32% more probable. The concurrence probability is projected to increase the most in
the Northern Hemisphere at latitudes above 40o north (see red line in Fig. 3b), with the frequency of joint events by 2100 projected to
be on average 2.6 times higher compared to present (median ∆T = −62%). The rise in frequency is particularly evident for coasts in
northern North America, northern Europe, northern Mediterranean, Russia, Japan, the Korean peninsula, China, Bangladesh, and around
Cameroon (Fig. 3a). Similar trends are also projected in parts of the Southern Hemisphere, such as for coastlines in northwestern South
America, southern Chile, northern Australia, the Gulf of Carpentaria and New Zealand. Concurrent events are projected to become
significantly less probable along a smaller portion of the global coastline (see blue line in Fig. 3b), most notably in northwestern Africa,
southern Spain, western South Africa, eastern Madagascar, southwestern Australia, and Central Chile. Results are more uncertain in
several areas of the tropics and subtropics (magenta line in Fig. 3b), such as in the Caribbean and in Southeastern Asia (see magenta
points in Fig. 3a).
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Figure 1: Present-day return period of concurrent extremes in precipitation and meteorological tide. Return period (inversely
probability) of co-occurring extremes based on the ERA-Interim data (1980-2014).
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Figure 2: Drivers and seasonality of present-day concurrent extremes in precipitation and meteorological tide. Track density of
(a) extratropical cyclones from ERA-Interim and (b) tropical cyclones from IBTrACS 37 . Values express the number of cyclones per
month per unit area (equivalent to a 5o spherical cap). Arrows show the mean translation speed of cyclones. (c) The month with the
highest concurrence of extremes and (d) length of the concurrence season, based on ERA-Interim. The length of the concurrence season
was defined as the shortest possible period where 90% (range defined by the 5-95th percentiles) of concurrent extremes were observed.
Extremes are defined based on the 99.5th percentiles.
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Figure 3: Future changes in the return periods of concurrent meteorological drivers of compound flooding. (a) Ensemble median
projected change (%) of joint return period (inversely probability) between future (2070-2099) and baseline (1970-2004) climate. Dots
with a grey background indicate locations where the projected change is robust, i.e. the ensemble median change lies outside the presentday 95% confidence interval and at least five out of six models agree on the sign of the change. Magenta indicates locations with high
model disagreement, i.e. where at least two models project large (lying outside the present-day 95% confidence interval) positive trends
and at least two models project large negative trends. (b) Coastline fraction per 5o of latitude (smoothing spline) with a robust negative
change (red dotted line), robust positive change (blue dashed line), and high model disagreement (magenta solid line).
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Drivers of changes in concurrent meteorological extremes in coastal areas
Changes in precipitation extremes are the key driver of the projected changes in compound meteorological extremes (Fig. 4a,b; global
median ∆Tprec. = −26%), increasing the concurrence frequency for 84% of coasts worldwide. Aggregated at global level, the relative contribution is 80% (Supplementary Table 1). Changes in meteorological tides have a weaker effect (Fig. 4c,d; global median
∆Tmet. tide = +5%). While they reduce the probability of concurrent extremes along 59% of the global coastline, their global relative
contribution to the projected changes in concurrence frequency is 16% (Supplementary Table 1). The effects of changes in the dependency between high meteorological tides and extreme precipitation can be locally pronounced for single climate realisations but the
average effects over the ensemble of climate projections are generally small compared to natural variability (Fig. 4e,f). Changes in the
dependence structure do not exhibit a clear large-scale spatial pattern and compensate each other at the global scale (∆Tdep. = −1%), with
approximately balanced fractions of coast with either increasing or decreasing dependency. As a consequence, they increase concurrence
probability in 51% of the global coastline, while reducing it in 49%, resulting in a global overall contribution of 4% (Supplementary
Table 1).
At the regional level, changes in precipitation are the main driver in all IPCC regions apart from South Europe and South Africa where
changes in meteorological tides dominate, and the Amazon, North Australia, North East Brazil, Sahara, and West Asia where changes in
the dependence dominate the signal (Supplementary Table 1). The dynamics in extreme precipitation increase the probability of concurrent events everywhere apart from the Sahara region. On the contrary, projected changes in meteorological tides decrease concurrence
frequency everywhere but in Alaska/NW Canada, Central Europe, East Canada, East and West Africa, East Asia, North Europe, South
East and West North America.
Precipitation extremes are expected to intensify and happen more frequently in most coastal areas worldwide due to the thermodynamic
increase in atmospheric moisture content 5 , and consequently the likelihood to have joint inland and coastal meteorological extremes.
However, changes in atmospheric circulation can further modulate and potentially oppose this thermodynamic effect. This is the case
along the coasts of northern and southwestern Africa, Central Chile, and southwestern Australia, where a more stable atmosphere leads
to weaker vertical motions. This, in turn, reduces the intensity of precipitation extremes 5 and consequently the probability for concurrent events in these confined areas (Fig. 4a).
Although the effect of changes in meteorological tide on the projected joint occurrence probability is in general small compared to the
natural variability (see Fig. 4d and rare grey dots in Fig. 4c), the spatial patterns are consistent with the projected anthropogenic-driven
changes in cyclone activity 38,39,40 . For example, in Europe, our projections of concurrence frequency are mostly in agreement with
the projected decrease in winter storm frequency and intensity in the Mediterranean Sea 39 and the increase in storm track activity in
northern Europe 38,39 . This results in a respective decrease and increase in meteorological tides in these two regions 1 and the consequent
changes in the concurrence probability. In the Baltic Sea this effect of the increase in meteorological tides is most notable and robust
compared to natural variability (grey dots in Fig. 4c). The projected increase in joint occurrence probability for western Canada (Fig.
4c) is consistent with a poleward shift in the north Pacific boreal winter jet stream and in the associated storm-track 38,40,41 . A similar
storm track poleward shift 40 appears consistent with the projected changes in joint return period for New Zealand, southern Australia,
and southern South America (Fig. 4c). Lower meteorological tides projected in parts of the equatorial region lead to a reduction in the
concurrence probability, especially in Asia (Fig. 4c,d).
Atmospheric circulation dynamics can affect meteorological tide and precipitation extremes in a similar manner, for example, through a
weakening (or strengthening) of the regional cyclone activity. As a result, meteorological tide- and precipitation-related changes in the
concurrence probability qualitatively demonstrate a positive relation, which is modulated by an offset due to the spatially-homogeneous
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thermodynamic-driven enhancement of precipitation extremes 5 (Supplementary Fig. S4). For example, reduced cyclonic activity causes
a reduction in meteorological tide and precipitation extremes, and therefore in concurrence probability, in northwestern and southern
Africa, Central America, Central Chile, and along a large part of Australia’s coastlines (compare Fig. 4a and 4c; see also Fig. 4b
from Pfahl et al. 5 ). On the contrary, a concurrent increase in meteorological tide and precipitation extremes results in more frequent
compound extremes, e.g. in northern Europe, western Canada, and Alaska. The thermodynamic-driven offset is visible, e.g., in the
Mediterranean Sea where a weakened cyclonic activity 39 reduces meteorological tides (Fig.4c) and negatively modulates precipitation 5 , but a moistened atmosphere cause more intense precipitation extremes 5 (Fig.4a; Supplementary Table 1).

Uncertainty in projections
The uncertainty in the projections of future concurrence probability is dominated by the uncertainty in the dependence between meteorological extremes. At the global scale, climate variability in the projected dependence accounts for approximately half of the uncertainty
in the projections of compound meteorological extremes. Precipitation and meteorological tide related uncertainty in the projections
are comparable and account for the other half (Fig. 5). Also at the level of IPCC regions, uncertainty in the dependence is the main
driver of the future concurrence uncertainty. In certain regions, pronounced but contradicting projections of changes in the dependency
(magenta points in Fig. 4e) result in a high uncertainty in the overall response of the concurrence probabilities (magenta points in Fig.
3a), especially in central America that is often hit by TCs. Wahl et al. 8 found that without trends in the records of the individual meteorological drivers, compound events have already increased along some parts of the US coastline due to a shift towards storm surge weather
patterns that also favour high precipitation. The large variability in our projections of the dependence dynamics indicate that there is
large uncertainty on how climate change could alter the concurrence of meteorological extremes in addition to the effects of changes in
the marginal drivers. The findings also indicate that considering the variability of the dependence is crucial to avoid overconfident and
potentially misleading projections of the future risk.
Uncertainty in the projections of precipitation and meteorological tide extremes is also relevant. Thermodynamic driven changes in
precipitation extremes are a robust feature of climate models. There is, however, less confidence in the magnitude of climate-induced atmospheric circulation changes 42 , which exerts a strong control on meteorological tides and regionally modulates precipitation extremes.
Hence, despite the consistency among climate models in the sign of the projected changes in precipitation extremes, the magnitude of
the changes is uncertain, especially in the tropics 5 . At midlatitudes, also projections of wind extremes that modulate meteorological
tides show large climate variability because of uncertainty in the evolution of atmospheric circulations 41 .

Discussion
This study provides the first global assessment of the possible effects of climate change on the meteorological drivers of compound
flooding. Our estimates should not be interpreted as actual compound flood hazard 10,12,26,43 . Rather, we studied the probability of
co-occurrence of extremes in meteorological tide and precipitation in coastal areas. When these extremes co-occur, actual flooding will
depend on a variety of additional factors. Coastal flooding usually happens during high tides 10,44 that do not depend on meteorological
conditions. In addition, actual flooding only takes place when flood protection or natural barriers are overtopped or breach and low-lying
lands become inundated. Here, we analysed the potential for local rainfall-driven compound flooding. Similar spatial patterns between
9

Figure 4: Attribution of projected changes in joint return periods to changes in precipitation, meteorological tides, and their
dependence. (a) Ensemble median projected change (%) of joint return periods (inversely probability) between future (2070-2099)
and baseline (1970-2004) when only taking into account the projected changes in precipitation (∆Tprec. ). (b) Coastline fraction per 5o
of latitude (smoothing spline) with a robust negative change (red dotted line), robust positive change (blue dashed line), and high model
disagreement (magenta solid line). (c-f) Similar results as (a-b), but for joint return period changes when only taking into account the
projected changes in the meteorological tide (∆Tmet. tide ) (c-d), and in the dependence between meteorological tide and precipitation
(∆Tdep. ) (e-f).
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Figure 5: Drivers of uncertainty in the projected changes of the joint return period of concurrent precipitation and meteorological
tide extremes for IPCC subregions and worldwide.

Relative model uncertainty in the projected change in joint return periods

(inversely probability) between the future (2070-2099) and baseline (1970-2004) climates driven by the individual meteorological drivers
of compound flooding, i.e. only by precipitation, meteorological-tide, and their dependence (see Methods). The IPCC subregions are
shown in Supplementary Fig. S6.
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precipitation and riverine compound flood potential were found by Bevacqua et al. 27 . However, considering precipitation only close to
sea not necessarily represents well compound flood hazard in estuaries of long rivers (catchment & 5-10,000 Km2 ) 27 , for which high
discharges close to the coast are influenced by several processes over the catchment inland 12,27 .
By the end of this century, SLR could push up mean sea levels and meteorological tides by one meter or more 1 . This upward shift will
strongly increase the probability to experience what is today an extreme meteorological tide and consequently of compound flooding if
coastal protection is not adjusted for SLR. Moftakhari et al. 28 projected how SLR will increase the probability of compound flooding
for a number of estuaries in the United States through this mechanism. We show that also changes in the joint probability of having high
meteorological tides (on top of the elevated mean sea level) and extreme precipitation could considerably affect compound flooding,
a process not considered by Moftakhari et al. 28 . Our projections vary strongly between regions, but globally averaged the triggering
conditions of compound flooding are projected to become one third more probable under a high emissions scenario by 2100. At latitudes
above 40o north this would happen more than 2.5 times as frequent compared to the present. Despite limitations inherent to a global
scale analysis 10,25,26,45,46 (see extensive discussion in a dedicated section in the Methods), our study provides insight into large-scale the
spatio-temporal dynamics of compound flood drivers in view of climate change. Local assessments focussing on hotspot regions with
robust changes could provide more accurate assessments of compound flood hazard and its impacts 14,16,17,47 .
Coasts will be particularly exposed to the effects of global warming through a range of climate change processes 48 . Adaptation targeted
at protecting coastal communities should not only take into account expected SLR 2,49 or projections of total extreme sea levels 50 , but
also dependencies with inland meteorological extremes. Neglecting compound flood hazard and changes therein might leave several
parts of the global coastline insufficiently protected. The increase in frequency of concurrent events could make adaptive measures
more complex and expensive, but also pose a challenge for emergency response procedures that would need to cope with more frequent,
simultaneous natural hazards 11,51 .
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Methods
Data. Meteorological tides were obtained from Vousdoukas et al. 1 . Waves were simulated with Wavewatch III 1,30,52 (forced with
6-hourly wind field). Storm surges were modelled with D-FLOW Flexible Mesh (FM) using a flexible mesh setup (forced by 6-hourly
wind and atmospheric pressure fields) 1,25,52,53 . The resulting sea level data are available every ∼100 km along the global coastline.
Precipitation was taken from the climate model grid point nearest to each coastal location. Detailed information on the sea-level
dataset and models can be found in the references 1,10,25,30,52,53 , including data validation. Sea level and precipitation data are based
on ERA-Interim 32 (period 1980-2014) and six CMIP5 models 33 (periods 1970-2004 and 2070-2099) (i.e., ACCESS1-0, ACCESS1-3,
GFDL-ESM2M, GFDL-ESM2G, CSIRO-Mk3-6-0, and EC-EARTH). The GFDL-ESM2G model is not considered for the Black Sea
and the Red Sea coasts because of instabilities of the surge model. Tropical cyclones (TCs) are unsatisfactorily resolved by the coarse
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resolution of CMIP5 models 54 . We therefore improved the representation of TC-driven meteorological tides (storm surges and waves)
in the reanalysis based dataset. Storm surges caused by TCs were forced by dynamically downscaled atmospheric conditions and waves
were corrected for TC effects based on satellite altimetry data (see Vousdoukas et al. 1 for more details). For information on models’
skill in representing joint return periods of concurrent extreme precipitation and meteorological tide, see Supplementary Fig. S5.

Discussion about the modelling limitations. The results should be interpreted considering some inevitable limitations, which are
common in large-scale studies. We use global climate simulations of future meteorological drivers and it is well known that higherresolution input data could improve the representation of both meteorological tide 1,25 and precipitation extremes 55 . The effect of
resolution is even stronger regarding the representation of TCs 25,46,54 . Despite the effort here to improve the representation of tropical
cyclones and overall satisfactory representation of the joint return periods in the present climate (Supplementary Fig. S5), the projected
changes in regions subject to high TC activity should be interpreted with caution. The same applies to the findings at high latitudes, where
precipitation often occurs as snow and waves/currents interacting with sea ice are currently not considered in the modelling. Similarly,
physical interactions between waves, storm surges, astronomical tides, SLR, precipitation, and hydrology are not resolved 56,57,58,59 .
Therefore it is assumed that sea water level components are independent. This is inevitable for a global analysis given the current
modelling capacity. However, studies have demonstrated that assuming no interaction between the sea level components is acceptable
given the overall uncertainty in the climate change projections 1,60,61,62 . Overall, we are confident that the above limitations do not distort
our findings and that our study expands the understanding of present and future global compound flooding hazard. This is supported by
the fact that our findings are physically consistent with studies of large-scale atmospheric circulation changes employing larger model
ensembles than the present one 5,38,39,40,41,63,64 .

Cyclone tracking.

Extratropical cyclone (ETC) tracks were identified based on the objective feature tracking algorithm TRACK 65,66 .

Following Hoskins and Hodges (2002) 67 , the algorithm uses the 850hPa relative vorticity to identify and track cyclones in both hemispheres. Tropical cyclone tracks were obtained from the observation-based IBTrACS dataset 37 . For both the tropical and ETC datasets,
the spatial maps of cyclone track density were computed using spherical kernel density estimators 68 .

Return periods.

We assessed the bivariate return periods 69 of concurring heavy precipitation and high sea-level (individual 99.7th

percentiles). The bivariate return period that we used - so-called “AND” 35,70,71 - allows for disentangling flooding caused by the
concurrence of high sea-level and precipitation values. To estimate return periods, we applied a parametric copula-based bivariate
probability distribution to pairs of meteorological component of sea-level and precipitation that are simultaneously high, i.e., that exceed
the individual 95th percentiles (ssel and psel , respectively). In locations where few pairs were selected we reduced the selection threshold
to below 0.95 in order to ensure that at least 20 pairs of values were selected. We replaced groups of selected event pairs separated by
less than 3 days by a unique event having the maximum precipitation P and meteorological component of sea-level S observed in the
group. We define the bivariate return period as:
µ
=
P((s > s99.7 and p > p99.7 ) | (s > ssel and p > psel ))
µ
=
1 − uS99.7 − uP99.7 +CSP (uS99.7 , uP99.7 )

T (s99.7 , p99.7 ) =
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(1)

where µ is the average time elapsing between the selected pairs, uP99.7 = FP (p99.7 ), FP is the marginal cumulative distribution of
the excesses over the selection threshold of the precipitation variable (accordingly for sea level), and CSP is the copula modelling the
dependence between the selected pairs. We fitted copulas from the families Gaussian, t, Clayton, Gumbel, Frank, Joe, BB1, BB6, BB7,
BB8 to (uS , uP ) (obtained via empirical marginal cumulative distribution function (CDF) 71 ), and then we selected the best-ranked family
according to Akaike information criterion. We modelled the marginal distributions of precipitation and sea level beyond the selection
thresholds by a Generalised Pareto Distribution. Copulas and marginal distributions were fitted through a maximum likelihood estimator
(using the VineCopula 72 and ismev 73 R-packages). The goodness of fit of copulas and marginals was tested via the Cramer-von-Mises
criterion (via the VineCopula 72 and eva 74 R-packages, respectively).

Return periods changes and robust changes. For the individual CMIP5 models, the changes (%) in the return periods (e.g., in Fig.
3a) were estimated as ∆T (%) = 100 · (T 2070-2099 − T 1970-2004 )/T 1970-2004 . Based on physical interpretation, when both T 2070-2099 and
T 1970-2004 are infinite, ∆T (%) is set to 0%; when T 2070-2099 is finite and T 1970-2004 is infinite, ∆T (%) is set to -100%. A robust (large
compared to natural variability) return period change is defined as the case where the multi-model median of the return period change
lies outside the present-day 95% range due to natural variability (estimated with a resampling approach 8 , see the next section) and at
least five out of six models agree on the sign of the change.
Given the inverse relationship between return period and probability 35 , it can be estimated that ∆P(%) = −100·∆T (%)/(∆T (%)+100),
where the percentage change in probability is defined similarly to the change in return period.

Present-day range of the return period due to natural variability.

The present-day range in the return period due to natural vari-

ability was estimated (for ERA-Interim) as a 95% confidence interval based on resampling the interannual variability. For each location,
we randomly sampled Nbootstrap = 700 bivariate time series of precipitation and meteorological tides, and computed the associated 700
return periods. Each of these 700 time series has the same length as the original time series, and was built through combining randomly
sampled calendar years of the precipitation and meteorological tide bivariate time series. This procedure is preferred to a classic resampling of the daily pairs, as it allows for preserving the autocorrelation of the variables. The final 95% confidence interval was then
defined as the 2.5th - 97.5th percentile interval of these 700 return periods, i.e. (T2.5th , T97.5th ). The associated 95% confidence interval
of the variations in the return period due to natural variability was computed as the percentage difference between the observed return
period and (T2.5th , T97.5th ).

Symmetrized changes of the return periods for computing uncertainties in return period future changes.

The uncertainty

in the future changes of the return periods driven by the three individual meteorological drivers of compound flooding (precipitation,
meteorological tide, and their dependence) was quantified via the intermodel spread of the symmetrized changes of the return periods (∆T Symmetric (%)) as explained in the next section. Here, we define the symmetrized changes of the joint return periods: for a
generic return period, given ∆T (%) = ∆T (%)(T fut , T pres ) = 100 · (T fut − T pres )/T pres , ∆T Symmetric (%) is defined as: ∆T (%)(T fut , T pres )
if ∆T (%)(T fut , T pres ) > 0, and as −∆T (T pres , T fut ) otherwise. These symmetrized changes ∆T Symmetric (%) are preferred to simple
changes ∆T (%) as the latter tends to skew the magnitude of the uncertainty for negative return periods changes. ∆T (%) assumes values
between −100 and 0 and between 0 and +In f for negative and positive changes of the return periods, respectively. As a result, the
uncertainty in ∆T (%) would tend to appear smaller where models show a reduction of the return periods, and larger where models show
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an increase of the return periods. ∆T Symmetric (%) avoids this issue as it is defined such that (i) it assumes values between −In f and 0 and
between 0 and +In f for negative and positive changes of the return periods, respectively. This implies that, e.g., a doubling and halving
of T fut (with respect to T pres ) corresponds to equal but opposite values of ∆T Symmetric (%). Moreover, (ii) ∆T Symmetric (%) increases
linearly with a, where T fut = a · T pres and decreases linearly with a, where T fut = 1/a · T pres ; this guarantees the desirable property of
detecting the same return periods’ intermodel spread in four situations where the six CMIP5 models project, e.g., a = 1, 2, 3, 4, 5, 6;
a = 1, 1/2, 1/3, 1/4, 1/5, 1/6; a = 1/3, 1/2, 1, 2, 3, 4; and a = 11, 12, 13, 14, 15, 16.

Partitioning of return period changes and associated relative uncertainties.

We assessed how the return period would change in

the future when only taking into account changes (with respect to the present) of (1) the precipitation marginal distribution (i.e. the full
distribution of the precipitation without reference to meteorological tide), (2) the meteorological tide marginal distribution, and (3) the
dependence between the precipitation and meteorological tides 10,14,75 . We computed the change in the return period (%) for the case
fut − T pres )/T pres , where T pres is the return period for the present period and T fut is computed as follows.
(i) as ∆Texp i (%) = 100 · (Texp
i
exp i

Case (1): we get the empirical cumulative distribution USpres of the present-day sea level Spres as USpres = FSpres (Spres ) (where FSpres is the
empirical CDFs of Spres ). We define the empirical CDFs FSfut of the variable Sfut , and define S1 = FS−1
(USpres ). As a result, the variables
fut
(S1 , Ppres ), where Ppres is the present-day precipitation, have the same dependence (Spearman correlation and tail dependence 14 ) as
fut was computed based on (S , P
during the present, but the marginal distribution of S1 is that of the future. The return period Texp
1 pres ).
1

Case (2) was obtained as case (1), but switching precipitation and sea level variables in the procedure above. Case (3): we define
S3 = FS−1
(USfut ), where USfut is the empirical cumulative distribution of the future sea level and FSpres is the empirical CDF of the sea
pres
level in the present climate. Similarly, we get P3 = FP−1
(UPfut ). As a result, the variables (S3 , P3 ) have the same dependence as during
pres
fut was computed based on (S , P ). We
the future, but the marginal distributions of the present climate 14 . Then, the return period Texp
3 3
3

observe that the total change in the return periods is not given by the sum of the changes estimated in these three cases above (the return
period is not given by a linear combination of the overall marginal distribution and the dependencies).
We quantified the regional relative importance of the uncertainty in the projected changes of the three compound flooding meteorological
drivers: (1) precipitation, (2) meteorological tides, and (3) their dependence (Fig. 5). We first computed (for the three cases i) the
Symmetric

symmetrized changes of the return periods ∆Texp i

(%) for the six CMIP5 models (see ”Symmetrized changes” in the section above).

Secondly, the contribution to the uncertainty from the change in the driver (i) (e.g., precipitation) was quantified via the intermodel
Symmetric

spread of the ∆Texp i

Symmetric

(%), i.e. σ (∆Texp i

(%)). (The intermodel spread is defined as the difference between the second highest

and second lowest among the six climate model projections.) Thirdly, for a given IPCC region r (Supplementary Fig. S6), we computed
Symmetric

the regional median of σ (∆Texp i

(%)), i.e. σi,r . Finally, the regional relative importance of each driver (i) for the uncertainty in the

return period changes was quantified as 100 · σi,r /(∑3i=1 σi,r ).
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