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Abstract

An analysis of concurrent extreme events of precipitation and Integrated

Water Vapour Transport (IVT) is crucial to our understanding of the role of

the major global mechanisms of atmospheric moisture transport, including that

of the Atmospheric Rivers in extratropical regions. The aim herein is to analyse

how IVT depends on precipitation at each point on a worldwide grid, separately

for each season. For this purpose, gridded data on CPC precipitation and ERA-

5 IVT at a spatial resolution of 0.5° were used, covering the period from Winter

1980/1981 to Autumn 2017. For each season, and for each point with more

than 400 non-dry days, several copula models were fitted to model the joint

distribution function of the two variables. At each of the analysed points ,

the best copula model was used to estimate the probability of a concurrent

extreme of the two variables. At the same time, within the sample of observed

concurrent extremes, the proportion of days with Atmospheric Rivers (ARs)

was calculated for the whole period and for two 15-year sub-periods, one earlier

period and one more recent (warmer) period. Three metrics based on copulas

were used to analyse carefully the influence of IVT on extreme precipitation

in the main regions of occurrence of AR landfall. The results show that the

probability of occurrence of concurrent extremes is strongly conditioned by the
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dynamic component of the IVT, the wind. The occurrence of ARs accounts for

most of the concurrent extreme days of IVT and precipitation, with percentages

of concurrent extreme days close to 90% in some seasons of the year in almost

all the known regions of maximum occurrence of ARs, and with percentages

greater than 70% downwind of AR landfall regions. This coincidence was lower

in tropical regions, and in monsoonal areas in particular, with percentages of

less than 50%. With a few exceptions, the role of ARs as drivers of concurrent

extremes of IVT and precipitation tends to show a decrease in recent (warmer)

periods. For almost all the AR regions with high or very high probabilities of

achieving a concurrent extreme of IVT and precipitation, there is a general trend

towards a lower influence of IVT on extreme precipitation in recent (warmer)

periods.

Keywords: Extreme precipitation, Moisture transport, Atmospheric Rivers,

Concurrent extremes, Copulas

1. Introduction

Atmospheric moisture transport is the essence of the atmospheric branch of

the hydrological cycle, and has crucial importance in precipitation on the conti-

nents, in terms of both its average values (Gimeno et al., 2010, 2012, 2020; van

der Ent et al., 2010; van der Ent & Savenije, 2013) and its extremes (Vázquez5

et al., 2020; Liu et al., 2020; De Vries, 2021). Any intensification (or reduc-

tion) in transported moisture results in precipitation anomalies and flooding

(or drought) when these are high (or low) (Gimeno et al., 2016; Drumond et al.,

2019; Liu et al., 2020). The role of moisture transport is even more important

in extreme precipitation. According to a simple approximation, extreme pre-10

cipitation scales with moisture content and with some indicator of atmospheric

instability, being much more sensitive to the former (Emori & Brown, 2005; Nie

et al., 2018). Extreme precipitation requires a certain threshold of atmospheric

instability, once it is reached the value of extreme precipitation increases as the

water vapour content increases (Emori & Brown, 2005; Kunkel et al., 2020). In15
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order to maintain high moisture in the atmospheric column, a constant supply

of humidity from outside is required, in other words, high moisture transport.

The relationship between moisture transport, moisture content, and extreme

precipitation must therefore be intense and of great importance, not just in

hydro-meteorological terms, but also in terms of climate change, because the20

three parameters all scale approximately with temperature following a ther-

modynamic constraint imposed by the Clausius-Clapeyron equation (Held &

Soden, 2006; Bao et al., 2017) ; specifically, they grow around 6-7% for each

degree of increase in atmospheric surface temperature.

If moisture transport is quantified as vertically integrated water vapour25

transport (IVT), a local measure of the moisture advected horizontally in the

atmosphere, the extremes values of IVT and precipitation should occur simul-

taneously at grid scale. This simultaneous occurrence must be spatially and

temporally heterogeneous throughout the world because most of the moisture is

transported via two major mechanisms of atmospheric moisture transport, Low30

Level Jets (LLJs) in tropical and subtropical regions and Atmospheric Rivers

(ARs) in subtropical and extratropical areas (Gimeno et al., 2016). The first

of these structures, LLJs, have semi-permanent positions with well defined but

distant moisture sources, regions of IVT maxima, and moisture sinks, where the

precipitation associated with the system is the highest (Algarra et al., 2019).35

The distance between areas of strong IVT and precipitation associated with

LLJs means that the influence that IVT should have on extreme precipitation

(at grid scale) may not be that strong. This problem of distance is not seen in the

other major mechanism of moisture transport, ARs, which are non-permanent

narrow and long corridors of moisture in the atmosphere (Zhu & Newell, 1994;40

Gimeno et al., 2014; Ralph et al., 2018). ARs are generally, though not al-

ways, associated with extratropical cyclones (Gimeno et al., 2021) , and are

characterised and even frequently defined by high values of IVT (Neiman et al.,

2008). They are closely related to heavy precipitation associated mainly with

baroclinic development and orographic forcing (Ralph et al., 2006; Ralph & Det-45

tinger, 2011; Ralph et al., 2016; Tan et al., 2021; Dettinger et al., 2015; Gimeno
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et al., 2014; Mukherjee & Mishra, 2021a). AR occurrence shows intraseasonal

variations and preferential areas of occurrence (Guan & Waliser, 2015; Algarra

et al., 2020), therefore in the areas and preferred seasons of AR occurrence, a

very high occurrence of concurrent extremes of IVT and precipitation may be50

expected. In this context, the analysis of those concurrent extremes is of crucial

importance in understanding the role of the ARs as a major mechanism behind

precipitation extremes.

The analysis of concurrent extremes, defined as the simultaneous occurrence

of extreme values of at least two variables, is a topic of recent and intense in-55

terest. Most studies have focused on variables whose extreme joint occurrence

is linked with natural hazards, such as storm surges and heavy precipitation

(e.g. Wahl et al., 2015; Bevacqua et al., 2019) , droughts and heatwaves (e.g.

Mazdiyasni & AghaKouchak, 2015) , or precipitation and extreme wind (e.g.

Martius et al., 2016; Zscheischler et al., 2021). A more meteorological derivation60

of these phenomena implies an understanding of the role of specific meteorolog-

ical systems in the genesis of these concurrent extremes, hence the existence of

various studies of the relationship between concurrent wind and precipitation

and extratropical cyclones (e.g. Owen et al., 2021 for Europe or Messmer & Sim-

monds, 2021 at a global scale), with fronts only or with combined cyclones and65

fronts (Catto & Dowdy, 2021). The present study is set against this conceptual

background of concurrent extremes.

In our present investigation we will make use of copulas in order to model

the joint distribution function of IVT and precipitation. This is very common

in environmental research (see e.g., Cong & Brady, 2012; Reddy & Ganguli,70

2012; Zscheischler & Seneviratne, 2017; Lazoglou & Anagnostopoulou, 2019).

Our analysis is carried out at each point on a global grid, separately for each

season. At each analysed point, the best copula model is used to estimate the

probability of a concurrent extreme of the two variables. Furthermore, within

the sample of observed concurrent extremes, the proportion of days with ARs is75

also calculated. For those regions with the highest occurrence of landfalling ARs,

we also use copula models to estimate the conditional probability of achieving
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an extreme precipitation event for a given value of IVT, and the IVT value for

a given conditional probability of extreme precipitation.

The aim of the present study is to gain an insight of the role of ARs in80

the occurrence of concurrent extreme events of atmospheric moisture transport

and precipitation. One previous study is relevant and merits special atten-

tion. Waliser & Guan (2017) estimated the impact of ARs on extremes of 10-m

wind and precipitation and found, among other results of note, that ARs are

associated with about 50% of concurrent extremes across most mid-latitude re-85

gions. IVT is the variable we use to compute moisture transport, and while

this depends on wind it also depends on moisture, and furthermore it is com-

puted for the whole vertical column and not just at 10 m. There are many

other differences between our study and that of Waliser & Guan (2017), both

methodological (e.g., our use of copulas to deal with concurrent extremes) and90

conceptual (e.g., we focus on the role of the extremes of IVT, which provide

high values of moisture content and are thus related to extreme precipitation).

Their results are nevertheless of great interest in comparison with ours.

2. Data

IVT and precipitation. We obtained daily IVT and precipitation data at a spa-95

tial resolution of 0.5° for the period 1981-2017. Precipitation data were ob-

tained from the Climate Prediction Center Global Unified Gauge-Based Analy-

sis (CPC) (Xie et al., 2007). CPC is a gauge-based product, which assimilates

daily reports from more than 30,000 stations, and uses an optimal interpolation

algorithm that accounts for orography. CPC is well known to have the advan-100

tage of a high station density with any limitations in the gauge network density,

which is poor over tropical Africa and Antarctica. IVT, as defined in (1), was

calculated from data obtained from the European Centre for Medium-Range

Weather Forecasts Reanalysis ERA-5 (Hersbach et al., 2020), where q is the

specific humidity, U is the horizontal wind field, and Ω refers to the integration105
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over the whole tropospheric column.

IV T =
1

g

∣∣∣∣(∫
Ω

qUdp

)∣∣∣∣ (1)

The CPC data set was based on station reports plus interpolation, and has

an important advantage compared with the use of precipitation obtained di-

rectly from ERA-5 reanalysis. Because our aim is to study the simultaneous

occurrence of extremes of IVT and precipitation, and the former is calculated110

from the reanalysis, the use of precipitation data also obtained from the re-

analysis could result in a concurrent extreme due partly to the use of the same

model to construct the reanalysis. The selection of ERA-5 to calculate IVT

rather than any other reanalysis is because of the well-known reliability of the

reanalysis produced by the European Centre for Medium-Range Weather Fore-115

casts for hydrological applications (e.g., Xu et al., 2019; Tarek et al., 2020).

Figure 1 shows the total number of days with non-zero precipitation at each

grid point for December-January-February (top) and June-July-August (bot-

tom) and Figure S1 for intermediate seasons (March-April-June and September-

October-November). The annual precipitation frequency map (not shown) vi-120

sually compares well with previous analogous maps by Sun et al. (2006, their

Fig. 1) and Beck et al. (2019, their Fig. 8a).
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Figure 1: Total number of days for the period 1981-2017 with non-zero precipitation at each

grid point for December-January-February (top) and June-July-August (bottom).

Occurrence of ARs. The daily occurrence of ARs for each continental 0.5° grid

point for the period 1981-2017 was estimated from the AR database developed

by Guan & Waliser (2015). This database applies thresholds of IVT intensity125

and geometric conditions to ERA-Interim reanalysis data (Dee et al., 2011)

to identify the locations of ARs at a global scale. Because the spatial res-

olution of this database is 1.5°, all the 0.5° grid-points included in any 1.5°

grid-point considered as an AR were also considered in the same way. Fig-

ure 2 shows the total number of occurrences of ARs at each grid point for130

December-January-February (top) and June-July-August (bottom), and Fig-

ure S2 shows the same data for intermediate seasons March-April-June and
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September-October-November. The plots show the known occurrence of ARs,

with maxima in the extratropical North Atlantic/Pacific, southeastern Pacific,

and South Atlantic, and the most frequent landfalling ARs along the west coasts135

of Europe, North America, and southern South America (Guan & Waliser, 2015;

Algarra et al., 2020).

Figure 2: Number of days of occurrence of ARs for the period 1981-2017 at each grid point,

for December-January-February (top) and June-July-August (bottom).

3. Methods

As noted in Section 1, the statistical analysis in this study is based on copula

theory. A comprehensive description of this theory is given in Nelsen (2006),140
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Joe (2014) and Shemyakin & Kniazev (2017). We now present a brief summary

of some of the most pertinent aspects.

The concept of copula. Let (U, V ) be a random pair with U and V following a

uniform distribution with a mean of 0 and a standard deviation of 1. A copula

C is its joint distribution function, i.e.:145

C(u, v) = P (U ≤ u, V ≤ v), u, v ∈ (0, 1). (2)

For two continuous variables X and Y with arbitrary distribution functions

F and G respectively, the joint distribution function of (X,Y ), denoted by

H, can be written as a function of a copula and the marginal distributions,

according to Sklar’s Theorem (Sklar (1959)):

H(x, y) := P (X ≤ x, Y ≤ y) = C(F (x), G(y)), x, y ∈ R (3)

In our case F and G will be estimated non-parametrically (the correspond-150

ing empirical distribution functions will be used), therefore the choice of an

appropriate model for the copula C results directly in a model for the joint

distribution H.

Copula models. The copula models used here belong to the Elliptical and Archi-

median families.155

Regarding Elliptical copulas, Gaussian and Student-t types will be used:

� Gaussian copula:

C(u, v; ρ) = Φρ(Φ
−1(u),Φ−1(v)), u, v ∈ (0, 1), (4)

where Φ−1(.) is the inverse of the distribution function of a standard nor-

mal distribution and Φρ(., .) is the joint distribution function of a standard

bivariate normal distribution with Pearson’s linear correlation coefficient

ρ.160
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� Student-t copula:

C(u, v; η, ρ) = Tηρ(T
−1
η (u), T−1

η (v)), u, v ∈ (0, 1), (5)

where T−1
η (.) is the inverse of the distribution function of the Student-t

distribution with η degrees of freedom and Tηρ(., .) is the joint distribution

function of a bivariate Student-t distribution with η degrees of freedom

and Pearson’s linear correlation coefficient ρ.

With respect to the Archimedian copulas used in this article, Table 1 lists165

the expressions of the models.

Table 1: Archimedian copulas used in this article.

Model C(u,v) α ∈

Frank −
1

α
log

(
1− e−α − (1− e−αu)(1− e−αv)

1− e−α

)
R \ {0}

Gumbel exp
[
−{(− log(u))α + (− log(v))α}1/α

]
[1,∞)

Clayton max
{(
u−α + v−α − 1

)−1/α
, 0
}

[−1,∞) \ {0}

Joe 1− [(1− u)α + (1− v)α − (1− u)α (1− v)α]
1
α [1,∞)

The independence copula will also be used:

C(u, v) = uv, u, v ∈ (0, 1). (6)

Using copulas to study concurrent extremes. Let U = F (X) and V = G(Y )

be the uniform-transformed random variables and (u, v) the bivariate threshold

(on the uniform scale). In order to analyse the joint extremal behaviour of the170

variables in our study, we focus on the probability that both variables exceed

the corresponding threshold (see Salvadori & De Michele, 2004):

pAND = P (U > u, V > v) = 1− u− v + C(u, v) (7)
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We also make use of the conditional probability of one variable exceeding

a threshold, given a fixed value of the other variable. This has the following

expression (Salvadori & De Michele, 2004):175

pCOND = P (V > v|U = u) = 1− ∂

∂u
C(u, v) (8)

Parameter estimation. Let us consider an observed sample ((x1, y1), ..., (xn, yn))

of the studied pair (X,Y ). The question is then of how this information can

be used to estimate the parameters of the copula models. There are several

methods of estimation (see Joe, 2014; Shemyakin & Kniazev, 2017), and in this

article our analysis will be based on the semi-parametric approach:180

1. Pseudo-observations {(ûi, v̂i) , i = 1, 2, ..., n} are computed, where ûi :=
n

n+ 1
F̂ (xi) and v̂i :=

n

n+ 1
Ĝ(yi) , with F̂ and Ĝ being the empirical

distribution functions of X and Y , respectively.

2. The resulting estimator, the Maximum Pseudo-Likelihood Estimator (MPLE),

can be calculated as follows: θ̂˜ = argmax
∑n
i=1 log(c(ûi, v̂i)| θ˜), where θ˜ is185

the parameter vector of the copula model and c(., .) is the copula density

function, defined as c(u, v) =
∂2C

∂u∂v
=

∂2C

∂v∂u
, u, v ∈ (0, 1).

4. Results and discussion

4.1. Worldwide analysis of concurrent extremes

The copula models presented in Section 3 were fitted to the IVT and pre-190

cipitation data introduced in Section 2. That is, for each season (December-

January-February, March-April-May, June-July-August, September-October-November),

we fitted for each grid point with more than 400 days of non-zero precipita-

tion the following copula models to the pair (IVT,precipitation): a Gaussian, a

Student-t, a Frank, a Gumbel, a Clayton, a Joe and an independence copula.195

We chose to consider only those grid points because a sample size of more than

400 bivariate observations allowed us to work comfortably with copulas. For
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the parameter estimation, we used the semi-parametric approach explained in

Section 3. Among those copula models that were fitted, only the best one ac-

cording to the AIC (Akaike, 1974) was considered for our analysis (the one with200

the lowest AIC value). In Figure 3 it is possible to see the best fitted copula

model for the pair (IVT,precipitation) at each grid point, for December-January-

February (top) and June-July-August (bottom). Regarding the intermediate

seasons (March-April-June and September-October-November), this informa-

tion can be found in Figure S3.205
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Figure 3: Fitted copula type with the lowest AIC value for December-January-February (top)

and June-July-August (bottom).

The simplest way of defining concurrent extremes of two variables (in our

case IVT and precipitation) involves counting the number of days on which a

quantile-based threshold for the two variables is exceeded, in our case this is the

90th percentile (Figure 4 for December-January-February (top) and June-July-

August (bottom) and supplementary Figure S4 for intermediate seasons). The210

general distribution of number of concurrent extremes seems to show that it is

highly conditioned by the dynamic component of the IVT, the wind (Martius
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et al., 2016). Values are low in the deep tropics, where precipitation is mainly

convective, and not favoured by strong horizontal winds and moisture trans-

port. The number of concurrent extremes shows an increase in extratropical215

regions, reaching higher values along the coast of the continents. Precipitation

over these regions is derived mainly from extratropical cyclones, characterized

simultaneously by high winds, and therefore strong moisture transport, and

precipitation (Messmer & Simmonds, 2021). Baroclinic activity is more intense

during winter, and consequently the number of concurrent extremes is higher in220

extratropical regions in the corresponding winter than in summer. This general

pattern is disturbed regionally by the action of meteorological structures asso-

ciated with strong moisture transport, in which high humidity is combined with

low-level wind. Examples of this are the high values of concurrent extremes in

the NE Brazilian region in JJA affected by Low-Level Jet (LLJ) systems (Braz225

et al., 2021), or the moderate values in the SE of North America in JJA affected

by tropical cyclones (Liu et al., 2021). To sum up, maxima of concurrence of

extremes are found on extratropical continental coasts during winter, mostly

affected by ARs with regional fingerprints of other major mechanisms of at-

mospheric moisture transport such as LLJs or tropical cyclones. The absolute230

number of concurrent extremes is in part dependent on the number of precipi-

tation days (Figures 1 and S1) because IVT occurs every day, so the presence

of low values in the tropics, where the number of precipitation days is very

high, implies a very low extremal dependence. For extratropical latitudes over

the Northern Hemisphere with many precipitation days, a very high number of235

concurrent extremes may not mean that the extremal dependence is so high.

At this point, therefore, it is interesting to know the geographical distribution

of the values of the 90th percentiles of IVT and precipitation.
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Figure 4: Number of days exceeding the bivariate threshold (q90IV T , q90prec) for December-

January-February (top) and June-July-August (bottom) for the period 1981-2017.

Figure 5 shows the 90th percentile values of IVT (q90IV T ) for December-

January-February (top) and June-July-August (bottom) (values for intermedi-240

ate seasons are shown in Figure S5). The global distribution reveals low values

over the polar regions and areas with high topography, and high values over

tropical and extratropical coasts dominated by tropical easterlies and storm

tracks. A more detailed inspection of the regions of maximum occurrence re-

veals that these regions coincide with the main areas of occurrence of ARs, such245

as the Californian or Western European coasts and the main LLJ systems, as

clearly seen in the Great Plains in North America or along the Andes in South
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America (Gimeno et al., 2016; De Vries, 2021). However, and as expected, the

absolute maxima are linked to the Asian monsoon in the wet season (JJA). It

is also clear that in extratropical regions in the Northern Hemisphere, extreme250

values of IVT are lower for the Pacific than for the Atlantic coasts, with a clear

contrast between the American Pacific coast and the American and European

Atlantic coasts, which are three of the most important regions of occurrence of

ARs. This is the case for both summer and winter. In the Southern Hemisphere,

higher extreme values of IVT occur on the Australian coasts than on the South255

African or Chilean coasts, even though all three are at similar latitudes.

Figure 5: 90th percentile of IVT for December-January-February (top) and June-July-August

(bottom) for the period 1981-2017.
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Figure 6 shows the 90th percentile of daily precipitation (q90prec) for December-

January-February (top) and June-July-August (bottom) (intermediate seasons

are shown in Figure S6). The annual distribution of q90prec (not shown) is vi-

sually comparable with previous equivalent maps by Dietzsch et al. (2017, their260

Fig. 5c and 5d) and Beck et al. (2019, their Fig. 7a) . In general, the pattern

is quite similar to annual mean precipitation, with maximum values along the

Intertropical Convergence Zone (ITCZ), varying seasonally with its movement,

and over monsoonal regions during the wet season. Secondary maxima occur

in regions of extra-tropical cyclone tracks on North-west American or European265

west coasts during the boreal winter or on the coasts of New Zealand and Chile

during the austral winter. Areas of occurrence of other meteorological systems

that produce extreme precipitation events are also identified as local maxima

in Figure 6, such as areas of occurrence of tropical cyclones (e.g., on the North

American east coast during boreal summer) or Mesoscale Convective Systems270

(e.g., the Plata river basins during the austral winter). The large area of high

q90prec over the Amazon region is in part due to high values over the region but

is also partly due to the limited number of precipitation gauges, implying a loss

of variance due to the effects of interpolation (Haberlandt, 2007).
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Figure 6: 90th percentile of precipitation for December-January-February (top) and June-

July-August (bottom) for the period 1981-2017.

The spatial distribution of concurrent extremes shown in Figure 4 is related275

partly to the local number of precipitation days, so it is convenient to estimate

the probability of achieving a concurrent extreme of IVT and precipitation. This

is shown in Figure 7 for December-January-February and June-July-August

and in Figure S7 for intermediate seasons. In the figure, we show both the

“empirical probability”, which refers to the percentage of concurrent extremes280

with respect to the number of days with nonzero precipitation, and the copula-

based probability, which was computed according to (7) using the copula model
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with the lowest AIC value for each grid point. On first inspection, it appears

that the two plots are more-or-less coincident, which gives high confidence in the

copula models selected grid-by-grid. With the exception of regions of occurrence285

of ARs, monsoonal areas, and regions influenced by LLJs, the probability of joint

extremes is less than 4%. The general distribution of maxima of probability

resembles the number of concurrent extremes, but there are some differences

linked mostly to the number of precipitation days. Therefore, maxima of around

40% of probability are shown in monsoonal areas during the dry season. This290

effect is particularly visible in DJF for the Asian and North American monsoonal

regions, and in JJA for the Australian and South America monsoonal regions,

although it is also visible with a lower intensity for the African monsoonal

regions. Another effect of accounting for the number of days of precipitation is

observed in the north-south gradient of probability in regions of occurrence of295

ARs. Thus, for DJF on the Atlantic- European-North African coasts there is a

decrease in probability from values of the order of 25% on the Moroccan coasts to

4% on the Scandinavian ones. A similar decrease is seen on the American Pacific

coast from California to Northern Canada. Maxima of probability are again

evident in polar regions of ARs, with values higher than 25% in the Antarctica300

in JJA and somewhat lower, of the order of 8%, in Alaska and Kamchatka in

DJF.
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Empirical

Using copulas

Figure 7: Estimated probability of achieving a concurrent extreme of IVT and precipitation

(percent), for December-January-February and June-July-August for the period 1981-2017.

The “empirical probability” refers to the percentage of concurrent extremes with respect to

the number of days with non-zero precipitation. The copula-based probability is computed

using the copula model with the lowest AIC value for each grid point.
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A joint analysis of Figures 4 and 7, which account for the concurrent extremes

and their probability, and Figures 5 and 6, which account for the thresholds of

IVT and precipitation used to define their extremes, reveals regions with very305

high values of both IVT and precipitation, where the probability of occurrence

of concurrent extremes is very low, such as the ITCZ or monsoonal regions in

the wet season. On the other hand, there are regions with a high probability

of concurrent extremes but with low values of IVT and precipitation, such as

the polar regions or the monsoonal regions in the dry season. Moderate-to-high310

probabilities of occurrence of concurrent extremes accompanied by moderately

high values of IVT and precipitation occur mainly in the areas of occurrence of

ARs (Figure 2). We focus on these regions in the next section.

4.2. AR regions: concurrent extremes and conditional probabilities.

Figure 8 shows the percentage of concurrent extreme days of IVT and pre-315

cipitation that coincide with the occurrence of ARs, for December-January-

February, for the whole period 1981-2017, and for two 15-year sub-periods, an

earlier period and a more recent warmer period , in order to investigate the

potential effects of recent warming. Figure 9 and Figures S8 and S9 are the

equivalent to Figure 8 for June-July-August, March-April-May and September-320

October-November respectively. In many studies, the period covered by reanal-

ysis has been split in order to study differences between them based on the

idea that the period since 2001 has been considerably warmer than the pre-

ceding period, 1980-2000 (a detailed justification of this approach with ERA5

data is shown in Mukherjee & Mishra (2021b) ). Because the ENSO greatly325

affects the transport of moisture (Castillo et al., 2014; Kim et al., 2019; Xiong

& Ren, 2021) , in order to define the two sub-periods we have removed the 6

years of strongest ENSO for each season (the 3 most intense El Niño and the 3

most intense La Niña according to the Extended Multivariate ENSO Index and

available at https://psl.noaa.gov/enso/climaterisks/years/top24enso.html ).330

Therefore, for December-January-February, the earlier period corre-

sponds to: 1981, 1982, 1984, 1985, 1986, 1987, 1988, 1990, 1991, 1993, 1994,
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1995, 1996, 1997 and 1999 ; and the later period to: 2002, 2003, 2004, 2005,

2006, 2007, 2008, 2009, 2010, 2012, 2013, 2014, 2015, 2016 and 2017.

In the case of June-July-August, the earlier period refers to: 1981, 1982,335

1984, 1985, 1986, 1990, 1991, 1992, 1993, 1994, 1995, 1996, 1998, 1999 and 2000;

and the later period to: 2002, 2003, 2004, 2005, 2006, 2007, 2008, 2009, 2011,

2012, 2013, 2014, 2015, 2016 and 2017.
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Whole period

Earlier period

Later period

Figure 8: Percentage of concurrent extreme days of IVT and precipitation that coincide with

the occurrence of ARs, for December-January-February, for the whole period 1981-2017,

and the earlier and later studied periods.
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Whole period

Earlier period

Later period

Figure 9: Percentage of concurrent extreme days of IVT and precipitation that coincide with

the occurrence of ARs, for June-July-August, for the whole period 1981-2017, and the

earlier and later studied periods.
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Considering the whole period, percentages lower than 50% occur in tropical

regions and over the Asian plateaus, and are higher in practically all extratropi-340

cal and polar regions. Percentages higher than 90% occur in some seasons of the

year in all the known regions of maximum occurrence of ARs, the North Amer-

ican Pacific, the European Atlantic, the Asian Pacific, the Southern Australian,

South African, and South American coasts. Large continental regions downwind

of these regions of preferential occurrence of ARs show percentages greater than345

70%, reflecting the effect on inland penetration of ARs (Rutz et al., 2015; Lavers

& Villarini, 2015; Nayak & Villarini, 2018; Ralph et al., 2019; Eiras-Barca et al.,

2021). There are no percentages higher than 50% in any season in the monsoon

regions, where the concurrence between IVT and precipitation is high, showing

that in these regions both the definition of ARs and their effects are diffuse350

(Gimeno et al., 2021). In both hemispheres, the percentage is higher in autumn

and winter than in spring and summer, with the exception of the Asian Pacific

coasts. There are regions such as Iran where the concurrence of extreme IVT

and precipitation is moderate or low but the percentage that coincide with ARs

is high, reaching values close to 90% in spring and winter, and other regions355

such as the Antarctic around zero longitude where the opposite applies. A com-

parison with Waliser & Guan (2017), who used the same AR database, shows a

high concordance in the regions they found with a high proportion of separate

wind extremes and precipitation extremes associated with ARs, although with

lower percentages in their study, partially due to their use of a more restrictive360

98th percentile as the threshold for defining extremes.

The differences in the percentage of concurrent extreme days of IVT and

precipitation that coincide with the occurrence of ARs between the earlier and

more recent periods seem to reflect a spatially asymmetric variation. The gen-

eral trend is towards a decrease in recent (warmer) periods, with a reduction365

in the percentage over the Pacific and Atlantic North American coasts (which

is very marked during winter) and in the Southern Hemisphere regions (also

more evident in the austral winter). There is no apparent change for the Pacific

Asian coasts, and a slight regional increase on the European Atlantic coasts (e.g.,
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British Isles in winter and the Iberian Peninsula in autumn). Although there370

could be factors other than warming and the ENSO (partially excluded from

this study) that differentiate earlier and later sub-periods (for instance there

was a change in the Atlantic Multidecadal Oscillation (AMO) phase from nega-

tive to positive in the mid-nineties; see Trenberth et al., 2021), the results point

to a slight reduction with warming of the role of ARs as mechanism behind the375

concurrent extremes of IVT and precipitation. There are some physical factors

that support this hypothesis. Although the number of ARs and the moisture

transported by them is predicted by models to increase with warming (Espinoza

et al., 2018; Massoud et al., 2019; Payne et al., 2020), the IVT associated with

ARs increases in the models at lower rates than the integrated water vapour as-380

sociated with ARs (McClenny et al., 2020). As extreme precipitation increases

with water vapour content (Emori & Brown, 2005; Kunkel et al., 2020), it is pos-

sible that there could be changes in extreme precipitation at higher rates than

in the extreme IVT, with a consequent decrease in the simultaneous occurrence

of extreme events of IVT and precipitation and a reduction in the importance385

of ARs as a major mechanism behind these concurrent extremes.

At this point, it is useful to make use of copulas to analyse carefully the in-

fluence that IVT has on extreme precipitation in the main regions of landfalling

ARs (Figure 10, adapted from Fig. 1 in Algarra et al., 2020). For that purpose,

we also used daily series of IVT and precipitation, but in this case they were390

averaged over the corresponding AR region. In Table 2, it is possible to find

three metrics for each region for the whole period and for the two sub-periods:

a) The estimated probability of achieving a concurrent extreme of IVT and

precipitation, computed using (7).

b) The estimated conditional probability of precipitation exceeding its corre-395

sponding 90th percentile, for a value of IVT equal to 250 kg m−1 s−1, com-

puted using (8). This value represents a threshold commonly used to identify

ARs (e.g., Ralph et al., 2019; Eiras-Barca et al., 2021).

c) The estimated value of IVT for which the probability of precipitation ex-
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ceeding its corresponding 90th percentile equals 0.5.400

Figure 10: Regions of maximum occurrence of landfalling ARs adapted from Fig. 1 in Algarra

et al. (2020).
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Table 2: Results of the analysis of the IVT and precipitation averaged over the main AR

regions. The metrics were calculated for the whole period 1981-2017, and the earlier and later

studied periods, using the best fitted copula model in each case (according to the AIC). Please

note that in this table, for simplicity, P (.) refers to estimated probability.

REG. SEASON
P (Prec ≥ q90prec, IV T ≥ q90IV T ) P (Prec ≥ q90prec|IV T = 250) x s.t. P (Prec ≥ q90prec|IV T = x) = 0.5

whole earlier period later period whole earlier period later period whole earlier period later period

1 DJF 0.04 0.05 0.03 0.69 0.91 0.47 193.00 167.45 258.51

2 DJF 0.05 0.05 0.05 0.54 0.54 0.56 234.31 225.85 234.28

3 DJF 0.05 0.07 0.05 0.43 0.64 0.39 269.90 232.45 289.07

4
DJF 0.07 0.07 0.06 0.82 0.79 0.78 183.58 197.47 194.72

JJA 0.03 0.02 0.03 0.35 0.25 0.41 343.85 339.09 343.85

5 JJA 0.03 0.03 0.03 0.59 0.72 0.44 223.51 201.87 263.21

6
DJF 0.03 0.04 0.03 0.18 0.21 0.17 454.07 388.88 535.51

JJA 0.04 0.02 0.04 0.13 0.13 0.14 358.21 427.89 361.00

7 DJF 0.04 0.05 0.03 0.18 0.19 0.18 453.14 403.88 766.43

8 DJF 0.05 0.03 0.05 0.61 0.32 0.71 215.63 NaN 194.53

9 DJF 0.04 0.03 0.04 0.78 1.00 0.71 150.79 156.43 153.69

10 DJF 0.03 0.03 0.03 0.27 0.31 0.24 456.62 414.03 476.50

11 DJF 0.05 0.06 0.04 0.36 0.37 0.35 318.06 302.25 325.15

12 DJF 0.04 0.05 0.03 0.20 0.22 0.21 383.14 377.13 NaN

13 DJF 0.03 0.04 0.03 0.39 0.73 0.34 NaN 199.25 NaN

14 JJA 0.04 0.03 0.07 0.35 0.29 0.89 NaN NaN 163.35

15
DJF 0.02 NA NA 0.77 NA NA 96.40 NA NA

JJA 0.04 0.02 0.05 0.03 0.03 0.04 680.09 1013.64 671.84

16
DJF 0.08 0.05 0.09 0.64 0.41 0.69 190.10 417.53 167.33

JJA 0.03 0.03 0.03 0.04 0.04 0.05 800.26 794.70 767.69

17 DJF 0.04 0.04 0.05 0.32 0.30 0.33 333.35 338.23 328.32

18 DJF 0.04 0.04 0.04 0.83 1.00 0.80 133.79 127.00 123.12

19 JJA 0.04 0.05 0.04 0.31 0.33 0.28 402.70 343.42 NaN

20 JJA 0.03 0.04 0.03 0.29 0.34 0.23 NaN NaN NaN

21 JJA 0.05 0.05 0.04 0.51 0.63 0.40 248.81 213.20 284.57

22 JJA 0.05 0.04 0.05 0.34 0.59 0.35 NaN 171.02 NaN

23 JJA 0.03 0.05 0.00 0.90 0.52 0.06 164.56 90.11 NaN

24 JJA 0.03 0.03 0.03 0.94 0.94 0.97 188.17 133.06 143.41

NA (Not Available): The number of days of nonzero precipitation in the corresponding period is lower or equal to

400.

NaN (Not a Number): There is not a value x such that P (Prec ≥ q90prec|IV T = x) = 0.5 in the corresponding

period.

These metrics were calculated for the corresponding winter of each AR re-

gion except for monsoonal regions, where both summer and winter were taken

into account. The analysis of the whole period shows that in general terms, ar-

eas of ARs in the Northern Hemisphere have higher probabilities of achieving a

concurrent extreme of IVT and precipitation than areas in the Southern Hemi-405

sphere, with maxima of 0.05 over the Pacific American coasts, The Canadian

Atlantic, and the Iberian Peninsula, most of which are extratropical regions. In
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the southern Hemisphere, the probabilities are higher in the Australian AR re-

gions than in the American or African ones. In Polar AR regions, there are high

probabilities of around 0.04 in the Northern Hemisphere but these are lower410

over the Antarctic AR regions, at around 0.02, the lowest among all the areas

of AR landfall. AR monsoonal regions have moderate (around 0.03) probabili-

ties of achieving a concurrent extreme of IVT and precipitation. These results

have logical correspondence with the other two metrics: a) the lower probabil-

ity of achieving a concurrent extreme of IVT and precipitation, b) the higher415

conditional probability of extreme precipitation for a value of IVT equal to 250

kg m−1 s−1, and c) the lower IVT for which the probability of precipitation ex-

ceeding its corresponding 90th percentile equals 0.5. We illustrate the meaning

of these two metrics with an example. Region 3 (Californian coast) has a simi-

lar latitude to region 11 (Iberian Peninsula) and a lower latitude than region 1420

(Alaska). For a day with a value of IVT of 250 kgm−1 s−1, which is typical of an

AR, it is far more likely that the precipitation was extreme in California (43%)

than in the Iberian Peninsula (36%), but much less likely than in Alaska (69%).

Similarly, it is necessary to have a lower IVT in California (269.90 kg m−1 s−1)

than in the Iberian Peninsula (318.08 kg m−1 s−1) but higher than in Alaska425

(193 kg m−1 s−1) to achieve a scenario where for two days of nonzero precipi-

tation, one is an extreme precipitation day. This shows, again, that the strong

latitudinal IVT gradient and the contrast from one region to another must be

taken into account in the identification of ARs (Guan & Waliser, 2015; Reid

et al., 2020), and in the characterisation of their strength and impacts (Ralph430

et al., 2019; Eiras-Barca et al., 2021).

The analysis of the three metrics by sub-period confirms the results presented

in Figure 8. Almost all the AR regions with high or very high probabilities of

concurrent extremes of IVT and precipitation (South Africa and Japan regions

are the only exceptions) show a general tendency towards lower occurrence of435

simultaneous extremes in recent (warmer) periods. In one example in particu-

lar, for region 3 (California coasts) from the earlier period to the more recent

warmer period, the estimated probability of achieving a concurrent extreme of
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precipitation was reduced by half (0.07 to 0.04). In that region, the probability

of a extreme precipitation day given an IVT of 250 kgm−1 s−1 was reduced from440

64% to 39% and it is necessary to have about 67 kg m−1 s−1 of IVT to achieve

a scenario where for two days of nonzero precipitation, one is an extreme pre-

cipitation day. An IVT of 250 kg m−1 s−1 implies a near certainty of extreme

precipitation in Northern Hemisphere polar regions in the earlier period but not

in the more recent (warmer) period. In any of the regions of higher AR occur-445

rence, such as the Atlantic European coast, we estimated that only about one

third of the days with this IVT value were associated with extreme precipitation

in the recent (warmer) period.

4.3. Additional comments on the statistical analysis.

The statistical analysis of this study was mainly performed using the R450

package VineCopula (Nagler et al., 2020). The code used to obtain the results

presented in this article is available from the authors upon reasonable request.

When using copulas, it is advisable to assess the impact that the autocorre-

lation between the observations has on the results. In our study, for each grid

point, we repeated the statistical analysis selecting every third observation of455

the series, and the same was done for every fifth observation, in a similar way

to Naveau et al. (2016). The results remained essentially unchanged from using

the complete series, so we decided to keep all the observations in order to have

a larger sample.

We also investigated the effect that the trend of the IVT and precipitation460

series had on our analysis. Both the IVT and precipitation series were linearly

detrended and the results were completely analogous to the ones obtained for

the non-detrended series, so we also opted to keep the original data.

For the copula models that were used to compute the metrics in Table 2, a

Cramér–von Mises goodness-of-fit test was performed in each case (see Genest465

et al., 2009 ), by means of the R package gofCopula (Okhrin et al., 2020). The

null hypothesis that the copula model fits well to the data was not rejected at

significance level 0.05 in all the cases. Therefore, we can conclude that those
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models were appropriate for the calculations that were carried out.

5. Conclusions470

This paper offers an analysis of the concurrent extremes of vertically in-

tegrated water vapour transport (a local measure of moisture transport) and

precipitation, the main aim being an understanding of the role played by at-

mospheric rivers, and whether this role has changed in the current warming

climate.475

The main conclusions reached in this work can be summarised in five main

points, as follows:

� Copula models were a very useful tool for the analysis of the concurrent

extremes of IVT and precipitation. On the one hand, for the worldwide

analysis at grid-point level, they enabled us to estimate the probability480

of simultaneous occurrence of extreme values of the variables. On the

other hand, for the in-depth analysis in the AR regions, we also made use

of copulas to calculate two additional metrics: the estimated conditional

probability of extreme precipitation for a value of IVT which represents

a threshold commonly used to identify ARs, and the estimated value of485

IVT that is necessary to reach a scenario in which for two days of nonzero

precipitation, one is an extreme precipitation day.

� The pattern of the absolute number of concurrent extremes of IVT and

precipitation is very similar to the one corresponding to wind and precip-

itation: low in the tropics and growing in subtropical and extratropical490

regions, reaching its highest values along the coast of the continents in

regions where atmospheric rivers occur. It is also possible to recognize the

regional action of other meteorological structures associated with strong

moisture transport, such as low-level jets or tropical cyclones.

� The estimated probability of achieving a concurrent extreme of IVT and495

precipitation shows a similar pattern to the one corresponding to the ab-
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solute number of concurrent extremes, but intensifies as the number of

precipitation days reduces. This is visible in the high probabilities in

monsoonal areas during the dry season or the north-south gradient of

probability in the regions of occurrence of ARs. Simultaneous high prob-500

abilities of occurrence of concurrent extremes together with moderately

high values of IVT and precipitation occur mostly in regions of landfalling

ARs.

� AR occurrence accounts for most of the concurrent extreme days of IVT

and precipitation. Percentages of AR occurrence with respect to the con-505

current extreme days reach values close to 90% in some seasons of the

year in almost all the known regions of maximum occurrence of ARs, with

percentages greater than 70% downwind of AR landfalling regions. This

coincidence is low in tropical regions and in particular in monsoonal ar-

eas, with percentages lower than 50%. A careful copula-based analysis510

performed in the regions of maximum occurrence of landfalling ARs con-

firms that in Northern Hemisphere AR areas there are higher probabilities

of achieving a concurrent extreme of IVT and precipitation than in the AR

regions in the Southern Hemisphere. Moreover, the analysis enabled us to

find that absolute maxima of probability occur over the Pacific American515

coasts, the Canadian Atlantic and the Iberian Peninsula, that only mod-

erate probabilities occur over AR monsoonal regions, and that these are

low over Antarctic AR regions.

� The role of ARs as drivers of concurrent extremes of IVT and precipitation

is not the same for the two sub-periods of the study, one earlier and520

another more recent (warmer) period. The general tendency is towards

a decrease in the influence of ARs in recent (warmer) periods, which is

especially marked over the Pacific and Atlantic North American coasts

during winter. This is evident both from the percentage of concurrent

extreme days of IVT and precipitation that coincide with the occurrence525

of ARs and from the analysis of three copula-derived metrics.
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This study has some limitations associated with i) the quality of the precipi-

tation data, mainly associated with the density of the gauge network, this being

particularly poor over tropical Africa and Antarctica; ii) the coarse resolution of

the data of the reanalysis, which precludes a detailed regional analysis in areas530

with complex orography or where small-scale convective processes are relevant;

iii) the definition of the concurrent extremes, herein the local 90th percentile,

which is low compared with the 99th percentile more commonly used to define

very rare extremes, but necessary in our case to permit large enough samples

to relate seasonality to AR occurrence.535

As suggested by Zscheischler et al. (2021), studies based on reanalysis should

be compared with others using higher resolution models when compound precip-

itation and wind (in our case IVT) extremes are studied over complex terrain.

This is the object of our further research, where a twofold nesting WRF simula-

tion will be used to study the concurrent extremes of IVT and precipitation for540

current and future climates at a 6-km resolution for Western European coasts,

a region of high AR occurrence.
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