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A B S T R A C T   

Droughts and hot extremes are major sources of risk to several socio-economic activities and their impacts are 
expected to increase under future global warming. Moreover, the simultaneous or sequential occurrence (com
pound events) of different climate extremes may lead to the amplification of the associated impacts. Even though 
the latest efforts in assessing hot and dry extremes and their interactions, the development of models describing 
the joint behavior of climate extremes is still a challenge. To contribute to the understanding of these compound 
events, we propose to assess the probability of extremely hot summer days in the Iberian Peninsula (IP) being 
preceded by drought events in spring and early summer, based on their joint probability distribution through 
copula theory. The precursor drought hazard was characterized by the Standardized Precipitation Evaporation 
Index (SPEI) for the months of May, June and July for different timescales (3-, 6- and 9-months). The Number of 
Hot Days per month (NHD) summed over the months of July and August were considered for modelling. The 
dependence structure between SPEI and NHD was very well identified for the most of the IP’s regions by 
asymmetrical copulas with upper tail dependence (except in northwestern regions), suggesting that compound 
hot and dry extremes are strongly associated. The results show that the transition from previous wet to dry 
regimes increases substantially the probability of exceeding summer NHD extreme values, depending on the 
region and the drought timescale and target month. The results suggest a spatial heterogeneity over the IP when 
characterizing the influence of water deficits on following summer extreme temperatures, whereas northeastern, 
western and central regions were found to be the regions more prone to summer hot extremes induced by 
dryness, in contrast to southwestern, northwestern and southeastern regions (depending on the month and the 
timescale). This study provides estimates of the probability of drought-related hot extremes in the summer of the 
IP for different regions, which could be an important tool for responsible authorities to mitigate the impacts 
magnified by the interactions between the different hazards.   

1. Introduction 

Drought and heat-related extremes (e.g. heatwaves, warm spells, hot 
days) are among the most influential climate hazards (Yuan et al., 2016; 
Zampieri et al., 2017; Lu et al., 2018) as they lead to a variety of impacts, 
such as exacerbation of fire risk and crop damage, causing several eco
nomic losses and adverse effects in human health and mortality (Gou
veia et al., 2016; Mazdiyasni et al., 2017; Russo et al., 2017; Zampieri 
et al., 2017). The last IPCC reports on extreme events point out that 
unprecedented risk to humans and ecosystems are expected in a 
changing climate due to changes in precipitation and temperature re
gimes and extremes (IPCC, 2012, 2019), particularly if rapid and 

far-reaching transitions are not met in several economic sectors and 
areas (e.g. land, energy, industry, buildings, transport and cities) (IPCC, 
2019). 

Several studies have stressed the role played by the interplay be
tween multiple climatic extremes, which may exacerbate the impacts of 
individual hazards (Zscheischler and Seneviratne, 2017; Zscheischler 
et al., 2018). For example, in the US although there is no significant 
trend in drought from 1960 to 2010, a substantial increase of concurrent 
droughts and heatwaves is observed during that period (Mazdiyasni and 
AghaKouchak, 2015). In Europe, the 2003 and 2010 extreme heatwaves 
were concurrent with serious drought conditions, causing more damage 
than extreme temperatures or extreme dryness would have caused 
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individually (Hauser et al., 2015). In southern Greece, the extreme fire 
season of 2007 was driven by two complementary climatic extreme 
drivers: a major drought in preceding months and two major heatwaves 
in July and August (Gouveia et al., 2016). Also in the 2010 European 
summer, the previous conditions of low soil moisture in spring strongly 
amplified the magnitude of the devastating heatwave (Hauser et al., 
2015). Similarly, in the case of the European heatwave in 2003, if soil 
moisture in previous spring levels had not been as close to climatology as 
they were, the temperatures could have been much higher (Whan et al., 
2015). More recently, the catastrophic fire seasons of 2019 in Greece 
(NASA Earth Observatory, 2019a) and 2019/2020 in Australia are also 
pointed out to be associated with a drought exacerbation of hot condi
tions (NASA Earth Observatory, 2019b). 

The processes involved in the soil moisture–temperature coupling 
and feedback have been addressed in a growing number of works 
(Miralles et al., 2014, 2019; Vogel et al., 2018; Mueller and Seneviratne, 
2012; Seneviratne et al., 2010; Zampieri et al., 2009), with a clear 
relationship between dry/wet extremes and the frequency of hot ex
tremes being identified in Southeastern Europe (Hirschi et al., 2011; 
Russo et al., 2019), in Iberian Peninsula (IP) (Mueller and Seneviratne, 
2012; Russo et al., 2019), at almost all South America, Indonesia and 
Malaysia and extensive areas in North America (Mueller and Senevir
atne, 2012). Consistent signal was identified, both with soil-moisture 
and soil-moisture proxies (Standardized Precipitation Evapotranspira
tion Index, SPEI, and Standardized Precipitation Index, SPI), with 
summer heat predictability being conditioned by preceding dry/wet 
anomalies (Russo et al., 2019), summer circulation anomalies (Quesada 
et al., 2012) and advected sensible heat which further strengthen local 
land–atmosphere feedbacks via soil desiccation (Schumacher et al., 
2019). In this context, it is becoming vital to make use of a compound 
event approach for understanding the extreme impacts and investigate 
opportunities for predictability towards the mitigation of the conse
quences (Zscheischler et al., 2018). 

This aim is even more important under the projected warming and 
drier last decades of the 21st century (IPCC, 2019), which may enhance 
the occurrence of more extreme compound events (Lu et al., 2018). In 
addition, the combined effects of the projected global warming have 
been particularly pronounced in specific regions, as is the case of the 
Mediterranean areas (Giorgi and Lionello, 2008). Among the Mediter
ranean areas, the IP is an outstanding example of how precursor 
soil-moisture deficits conditions are strongly related to the extreme hot 
temperatures in the following summer (Russo et al., 2019). 

The present work goes a step further, by addressing a key property of 
compound extremes related to the existence of multivariate dependence 
structures between the involved variables (Hao et al., 2018b; Feng et al., 
2019) through the use of a copula approach. The use of copulas is among 
the most recently applied techniques in multivariate dependence 
modelling in climate studies (Ribeiro et al., 2019a, 2019c; Zscheischler 
et al., 2017), and a couple of recent works have adopted copula-based 
methods to model the joint behavior of hot and dry extremes (Hao 
et al., 2017; Feng et al., 2019). Nevertheless, previous studies have 
characterized compound hot and dry extremes based on a panoply of 
approaches including event coincidence analysis (Donges et al., 2016; 
Rammig et al., 2015), multi-type point processes (in both space and 
time) (Toreti et al., 2019), the counting of number of simulta
neous/consequential occurrences of multiple extremes (Hao et al., 
2018b; Wu et al., 2019) and the use of an indicator approach such as the 
Standardized Dry and Hot Index (SDHI) (Hao et al., 2018a). In addition, 
artificial neural networks have been used to model non-linear pro
prieties and for prediction purposes (Ribeiro et al., 2019b; Russo et al., 
2013). 

The present preference for adopting a copula-based approach is 
manifold. The unique characteristics of copulas allow for a full charac
terization of the linear and nonlinear dependences between variables, 
aside from the shape of marginal distributions, allowing the character
ization of the dependence structure between more than two variables 

(Durante and Sempi, 2015; Maity, 2018; Nelsen, 2006; Salvadori and De 
Michele, 2007). Moreover, besides the ability to characterize the overall 
dependence structure, copulas allow a flexible mensuration of the tail 
dependence, whose importance is critical when studying extreme events 
such as heatwaves and droughts (Serinaldi et al., 2009). In addition, the 
proprieties of copulas allow the estimation of conditional probabilities 
of one extreme event given the occurrence of another extreme event, 
constituting a valuable and attractive tool in risk analysis (Bokusheva 
et al., 2016; Ribeiro et al., 2019a). 

The characterization of joint occurrence of extreme temperature and 
dryness is here performed based on the number of hot days (NHD) 
(Fischer et al., 2007; Zhang et al., 2011) and on the SPEI (Vice
nte-Serrano et al., 2010), respectively. The SPEI was used aiming to 
include the effect of evapotranspiration on drought monitoring, which is 
particularly relevant in the context of global warming (Beguería et al., 
2014) and to take advantage of the index’s multiscalar character. 
Moreover, in the IP the occurrence of dryer conditions is generally better 
characterized by SPEI rather than by simplest indices solely based on 
rainfall records, given the ability of including the impacts of warming 
processes (Vicente-Serrano et al., 2011; Peña-Gallardo et al., 2019). 
Nonetheless, the projected warmer climate is also likely to be enhancing 
the land-atmosphere feedbacks (Miralles et al., 2019; Seneviratne et al., 
2010), and the precursor effects of low soil moisture availability also 
play a role on the following hot extremes. In this way and under the 
perspective of compound events, namely when feedback mechanisms 
are involved, the rationale of the present work is to highlight the 
adoption of statistical methods accounting for the joint behavior be
tween the extreme variables, to contribute for the design of adaption 
measures. For this reason, the goal of the present work is to quantify the 
likelihood of occurrence of summer extremely hot days, preceded by the 
occurrence of droughts, preserving the dependence structure between 
NHD and SPEI in the IP for the period between 1950 and 2014. We 
intend to address the following key points: 1) if previous dryness is 
associated to extreme temperatures in the hottest months of the IP at the 
regional level 2) if it is possible to identify a spatial pattern of the 
dependence structures between spring and early summer SPEI and 
summer NHD and, 3) the probability of occurrence of extreme summer 
hot days over each region when preceded by drought conditions. 

2. Materials and methods 

2.1. Data and study area 

The NHD was defined as the number of days with maximum tem
perature exceeding the 90th percentile. NHD was computed based on 
regularly gridded (0.5◦ resolution) values of daily maximum tempera
tures for 1950–2014 period from the ECAD-EOBS v14 daily dataset 
(Haylock et al., 2008). The computation of NHD, for the reference period 
of 1981–2010, followed the standard procedure determined by the 
Expert Team on Climate Change Detection and Indices (ETCCDI) (Karl 
et al., 1999; Peterson et al., 2001) and available through the R package 
from Zhang et al. (2011). This procedure can be summarized as follows: 
let TXij be the daily maximum temperature on day i in period j and let 
TXin90 be the calendar day 90th percentile centred on a 5-day window 
for the base period (Eq. 1). Then NHD is the count of days where: 

TXij > TXin90 (1) 

The daily 90th percentile threshold TXin90 is robustly estimated 
from a sample of 150 days (5-day window × 30 years) for each day of 
interest to account for the mean annual cycle (Tank et al., 2009; Zhang 
et al., 2011). To avoid time discontinuities, the NHD were summed up at 
each grid point over the two hottest months in the IP, July and August. 

The SPEI was calculated based on precipitation (P) and reference 
evapotranspiration (ET0) from the CRU TS 4.01 database (0.5◦ resolu
tion) for the 1950–2015 period (Harris et al., 2014) for 3 timescales (3-, 
6-, 9-months). The principle of SPEI is to use the monthly difference D 
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between P and ET0 to provide a measure of the water balance during a 
target month i: 

Di =Pi − ET0i (2) 

This simple climatic water balance (Eq. 2) provides a more reliable 
measure of drought severity than only considering precipitation, as in 
other drought indicators (Beguería et al., 2014). Secondly, the calcu
lated Di is aggregated at the timescales k (months) using Eq. (3) 

Dk
n =

∑k=1

i=0
Pn− i − ET0n− i , n ≥ k (3)  

where n is the calculation frequency. To accumulate the previous 
months a Normal kernel function was applied to P and ET0 to control the 
importance of the data before the target month, giving less weight to the 
past and to months near the target month (Beguería et al., 2014). The 
multiscalar propriety allows to contemplate the different response times 
of drought influence by reflecting the accumulated drought conditions 
of shorter or longer periods. For instance, a “SPEI-3 in May” is calculated 
in May based on the information of the two previous and current 
months, i.e., referring to March, April and May datum, therefore rep
resenting a 3-months timescale. Then, D was normalized using a 
log-logistic distribution to obtain SPEI which was used as proxy for 
surface moisture deficits to assess the impact of these deficits on the 
occurrence of subsequent hot days in the following summer months. 
Hence, the SPEI values for the months of May, June and July were 
considered to include the period preceding the hottest months and 
overlap the month of July to account for co-occurrent compound events. 
This procedure has been previously applied at a global scale by Mueller 
and Seneviratne (2012) using SPI and to the Mediterranean by Russo 
et al. (2019) using SPI and SPEI. 

Due to the high spatial variability of drought conditions in the IP, 
here we determine main spatial-temporal drought modes based on SPEI 
over the IP applying a Principal Component Analysis (PCA) considering 
the months of May and June and the 3 timescales (3-, 6-, 9-months) 
(Figs. A.1, A.2 and A.3). For each timescale, the four principal compo
nents explaining most of the variance were rotated based on the varimax 
method (Hannachi et al., 2007 and references therein) and the main 3 
were retained, leading to 9 different drought modes resulting from the 3 
timescales. The 9 drought modes are considered for a k-means cluster 
analysis (Wilks, 2006) in order to capture different homogenous drought 
regions over the IP (Russo et al., 2015). The use of a k-means cluster 
analysis including all the timescales intends to summarize the drought 
behavior suitable to different response times of drought influence, 
allowing a further regional comparison among the different timescales. 
Based on the cluster analysis six different drought clusters are identified 
and spatial averages of SPEI and NHD were computed over each regional 
cluster. 

To each pair of SPEI and NHD over each region the correlation is 
examined in terms of the Kendall’s τ, which is a rank correlation test 
measuring the level of dependence between the datasets (i.e. indepen
dence test based on τ). 

2.2. Joint probability analysis 

Among multivariate analysis approaches, copula functions are quite 
popular (Mirabbasi et al., 2012; Lee et al., 2013; Li et al., 2015). The 
fundamentals of this methodology are provided by Sklar (1959), Nelsen 
(2006), Salvadori and De Michele (2007), Durante and Sempi (2015) 
and Maity (2018). The Sklar’s theorem states that a joint probability 
distribution can be split into its univariate margins and a copula which 

Fig. 1. Iberian Peninsula drought regions on the left map (northwestern (NW), northeastern (NE), central (C), western (W), southwestern (SW) and southeastern (SE) 
region) and respective Kendall’s correlation coefficient (τ) between SPEI at 3-, 6- and 9-months’ time scales in May, June and July and the sum of NHD in July and 
August for the 1950–2014 period over each regions. The bars are displayed in descending order of τ values and the dashed lines indicate the regions that failed the 
dependence test (p-value > 0.1) based on the Kendall’s τ. 
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describes the dependence between the margins. Mathematically, given 
two correlated variables, X and Y, with marginal distributions FX(x) and 
FY(y), uniform on the interval [0,1], a copula function C links these 
distributions to their joint probability distribution FXY(x, y) as follows: 

FXY(x, y)=C(FX(x) , FY(y)) (4) 

Here, X denotes the SPEI, Y the NHD and (x, y) are pairs of respective 
observations (Eq. 4). Copula functions show a great flexibility in 
modelling the dependence between variables with complex relation
ships and are adequate tools for modelling tailed events (extremes) in 
multivariate distributions (Mazdiyasni et al., 2017). 

There is a range of copula families described in the literature 
allowing the modelling of several different shapes of radial asymmetry 
or symmetry, and different patterns of tail dependence. To each pair of 
SPEI and NHD we fit six different copulas: Normal, t, Clayton, Frank, 
Gumbel and Joe copulas. These well-documented copula functions 
belong to two distinct classes of copulas: Elliptical (Normal and t) and 
Archimedean (Clayton, Frank, Gumbel and Joe). The Archimedean 
copulas have an explicit formula with only one parameter and are quite 
popular given their ability in capturing a wider variety of joint depen
dence structures. The Clayton, Gumbel and Joe copulas describe an 
asymmetric tail behavior whereas Clayton copula can model lower tail 
dependence and Gumbel and Joe are able to model upper tail depen
dence. In contrast, the Normal, t and Frank copulas can capture sym
metric dependencies, with the difference that the t copula allows 
dependence in the extremes in both lower and upper tails. Note that the 
Gumbel copula is both an Archimedean and Extreme-Value copula, and 
for this reason we consider also the Joe copula to capture upper tail 
dependencies. In addition, we aim to model the full distribution to 
capture all the events, and not only the extreme events. 

When margins are continuous, then the corresponding copula is 

unique (Sklar, 1959). This work is a special case of bivariate copula 
modelling, related to the fact that one of the margins is noncontinuous 
(NHD), hence in such case the copula lacks uniqueness and biased es
timates of the copula parameter may be obtained (Genest and 
Nešlehová, 2007; Trivedi and Zimmer, 2017). This is because the pres
ence of ties in the samples can hide crucial features in the dependence 
structures and mislead the characterization of the full joint distribution. 
In order to fill this gap, we have used spatial averages of SPEI and NHD 
over each regional cluster to unleash the dominance of ties in the sam
ples. In addition, the pseudo-observations (margins) were computed via 
the function pobs in R software, with the default tie’s method “average”, 
which replaces the ties by their mean. In this way, we argue that the use 
of the methodology described below is a good compromise between the 
complexity of characterization of the joint distribution in the discrete 
case and the limited sample size. 

In this work, the copulas fits are performed based on a semi
parametric method, where the sample data is first transformed into 
uniform variables (u, v) using a nonparametric estimation (rank based) 
of the margins, and afterwards the copula parameters (θ) are estimated 
based on maximum likelihood. Due to the negative character of the 
correlation between SPEI and NHD (Russo et al., 2019), here we have 
considered margins of the symmetric (mirrored) SPEI data to simplify 
the copula modelling. Accordingly, drought conditions correspond to 
positive values of uniform SPEI and wet conditions correspond to 
negative values of uniform SPEI (the mirrored SPEI values). The copula 
model selection is performed based on the Bayesian information crite
rion (BIC) and the goodness of fit is performed by comparing with the 
respective empirical copula based on the Cramer-von Mises distance 
using a parametric bootstrap (Genest and Remillard, 2008). Table A.2 
summarizes the p-values of the test with null hypothesis H0 : Cθ ∈ Cn 
(Cθ is the selected parametric copula and Cn the respective empirical 

Fig. 2. Upper tail dependence param
eter (λU) based on the selected copulas 
between SPEI at 3-, 6- and 9-months’ 
time scales in May, June and July and 
the sum of NHD in July and August for 
the 1950–2014 period in the Iberian 
Peninsula at the regional level (north
western (NW), northeastern (NE), cen
tral (C), western (W), southwestern 
(SW) and southeastern (SE) region). The 
cases characterized by copula models 
without upper tail dependence feature 
λU = 0 (Normal and Frank copulas, see 
Table A.1).   
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copula) which are all greater than a significance level 0.1, suggesting the 
adequacy of the selected copulas. 

Once the best fit for each SPEI and NHD combination is performed, 
uniformly distributed data is sampled from the selected copula models 
allowing for estimating the conditional probability of exceedance 
extreme summer NHD values when preceded by drought conditions and 
compared to when preceded by normal/wet conditions. Based on the 
estimated joint distributions, 10 000 samples of SPEI and NHD denoted 
usim and vsim, respectively, are generated preserving the dependence 
structure between the variables. Note that the samples hold the mirrored 
values of SPEI, wherefore, drought conditions correspond the upper 
quantiles and wet conditions correspond to the lower quantiles. Hence, 
and since the simulations are uniform in the range [0,1], here drought is 
identified when usim is equal or above 0.8 (equivalent to the quantile 0.2 
of SPEI (− 0.84) according to the severity level associated with moderate 
drought by Agnew (2000)) and normal/wet conditions when usim is 
below 0.8. Afterwards, the correspondent NHD samples under drought 
conditions (vsim,dry) and the NHD samples under normal/wet conditions 
(vsim,wet) are considered. The conditional survival functions 1− Fvsim,dry and 
1 − Fvsim,wet are easily obtained by ordering the uniform samples ranging 
between [0,1] by descending order indicating the probabilities of ex
ceedance (while the ascending order corresponds to the cumulative 
distribution functions Fvsim,dry or Fvsim,wet which indicates the probabilities of 
non-exceedance). To identify extreme summer NHD values the same 
quantile 0.8 used for SPEI is considered, and the correspondent proba
bilities of exceedance are estimated based on 1 − Fvsim,dry (0.8) and 1 −

Fvsim,wet (0.8). 
The associated uncertainties of the estimated probabilities of ex

ceedance are addressed in terms of the uncertainty associated to the 
copula parameter and using the theoretical values inferred from the 
copula functions based on Eqs. 5 and 6 where q = 0.8 is the threshold 
used in both variables. In other words, the effect of the copula param
eters inaccuracy is here considered in terms of the 95% confidence level 
and applying the formulas of conditional probabilities (Eqs. 5 and 6) 
using the lower and upper bound levels of the estimated copula pa
rameters. With this procedure we aim to address the potential biased 
estimates of the copula parameter derived from the lack of unique 
copula in the case of a non-continuous margin. 

Pr(v≥q |u≥q)=
1 − Fv(q) − Fu(q)+C(v= q,u= q)

1 − Fu(q)
=

1 − 2q+C(v= q,u= q)
1 − q

(5)  

Pr(v≥ q |u< q)=
Fu(q) − C(v = q, u = q)

Fu(q)
=

q − C(v = q, u = q)
q

(6) 

The upper tail dependence λU for the chosen copulas will be evalu
ated and is obtained as the limit of Eq. 5 when q tends to 1 (Hartmann, 
2004). For instance in the case of Gumbel and Joe copulas, the respec
tive parametric estimators are given by λU = 2 − 21

θ (Nelsen, 2006). 

3. Results 

Six drought regions with different drought characteristics were 
identified applying a PCA and a cluster analysis over the IP (Fig. 1, left 
panel): northwestern (NW), northeastern (NE), central (C), western (W), 
southwestern (SW) and southeastern (SE) region. This regionalization is 
similarly to the ones obtained by Vicente-Serrano (2006) and Russo et al. 
(2015) and summarizes the IP’s drought spatial heterogeneity including 
the 3-, 6- and 9-months SPEI timescales. In this way, the dependence 
between SPEI and NHD is here characterized over each drought region, 
in order to identify spatial patterns of drought influence on following 
summer (July and August) hot extremes. 

Firstly, the relationship between SPEI at 3-, 6- and 9-months’ time 
scales in May, June and July and the NHD in July and August over each 
region is examined in terms the Kendall’s τ, and shown in Fig. 1. Note 
that the positive values are due to the use of mirrored SPEI values for 
simplicity, such that drought/wet conditions correspond to positive/ 
negative values of SPEI. The dashed bar lines identify the regions that 
failed the dependence test (no rejection of null hypothesis H0 : τ = 0), 
supporting that τ between SPEI and NHD is not significantly different 
from 0 at the significance level 0.1. Only the two southern regions (SW 
and SE) and the two northern regions (NW and NE) show no significant 
dependency between NHD and SPEI in rare cases when drought is 
characterized in May and June. In contrast, in July all the regions show 
significantly dependent values between NHD and SPEI, and the C and W 
regions show significant dependencies in all months and timescales. 

Fig. 1 illustrates the regional dependence between spring and early 
summer SPEI and summer NHD, as obtained by Kendall’s τ. In general, 
dependence increases with the co-occurrence in time between SPEI and 
NHD in all regions, since τ increases from May to July. In contrast, the 
differences between different SPEI timescales are not so evident, but the 
shorter timescale (3-months) are generally more dependent (but not in 
the same regions). The NE exhibits the strongest τ in almost all months 
and timescales (with the exception of SPEI-3 and -6 May), in contrast to 
the SE region that exhibits the lowest τ in almost all months and time
scales (with the exception of SPEI-3 June and July, but still low). This 
pattern may be related with a strong vertical gradient in the eastern part 
of the IP and the importance of a regional analysis. 

Afterwards we modeled the dependence structures between the 
drought indicator and following extreme temperatures by fitting archi
medean and elliptical copula functions to estimate their joint probabil
ity. According to Fig. 2, a spatial pattern of the joint behavior between 
spring and early summer SPEI and summer NHD is characterized based 
on the type of selected copulas: most of the regions are dominated by 
asymmetrical dependence structures with upper tail dependence, while 
the NW is only characterized by symmetric dependence structures 
(Table A.1) and hence without upper tail dependence in all cases 
(Fig. 2). In fact, the use of bivariate copulas through its dependence 
structure can capture linear and nonlinear correlations among data. 
However, that dependence can be mostly concentrated in the main di
agonal close the median, as in the case of Normal copulas, maximizing 
the linear correlation though having a vanishing tail dependence (as 
measured by λU). On the other hand, certain copulas enhance nonlinear 

Table 1 
95% confidence intervals (Eq. 5) of the conditional probabilities illustrated in Fig. 5.    

IB regions   
C SE NW NE SW W  

May (0.2,0.51) (0.14,0.37) (0.25,0.47) (0.21,0.44) (0.2,0.51) (0.29,0.58) 
SPEI June (0.37,0.62) (0.29,0.58) (0.3,0.51) (0.41,0.63) (0.21,0.52) (0.31,0.57) 
3-month July (0.5,0.68) (0.42,0.66) (0.32,0.53) (0.54,0.71) (0.38,0.57) (0.42,0.6)  

May (0.21,0.52) (0.14,0.37) (0.18,0.41) (0.21,0.44) (0.2,0.46) (0.2,0.52) 
SPEI June (0.34,0.61) (0.21,0.52) (0.29,0.5) (0.36,0.55) (0.21,0.52) (0.31,0.6) 
6-month July (0.41,0.63) (0.3,0.58) (0.35,0.55) (0.47,0.64) (0.33,0.6) (0.41,0.63)  

May (0.25,0.47) (0.15,0.38) (0.19,0.39) (0.23,0.46) (0.2,0.49) (0.2,0.5) 
SPEI June (0.35,0.61) (0.2,0.5) (0.26,0.48) (0.36,0.55) (0.22,0.5) (0.25,0.45) 
9-month July (0.41,0.59) (0.24,0.54) (0.32,0.53) (0.43,0.61) (0.29,0.55) (0.3,0.5)  
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correlations with much more influence of the clustering of bivariate 
extremes as it is the case of Gumbel and Joe copulas (Table A.1). The 
choice of those copulas for certain pairs of (SPEI, NHD), shows thus the 
relevance of their nonlinear relationships. While previous similar works 
have analyzed the dependence between dry and hot conditions consid
ering only Normal copulas (Hao et al., 2017, 2018b) or linear correlation 
analysis (Russo et al., 2019), we found that this combined phenomenon 
is very well identified for the most of the IP’s regions by asymmetrical 
copulas with upper tail dependence (except in NW regions as shown in 
Table A.1 and Fig. 2). 

In terms of timescales, the longest one (9-month) is mainly charac
terized by Normal or Frank copulas (Table A.1) and hence without upper 
tail dependence (Fig. 2) which can be explained by the information of 
the previous 9-months that can have less influence on the following 
summer hot extremes. In contrast, shorter timescales (3- and 6-months) 
are mainly described by Gumbel or Joe copulas (Table A.1), given that 
the drought conditions closest to the summer months may exert 

strongest influence in the following hot extremes. In fact, λU values are 
generally higher in June and July at both 3- and 6-months timescales 
(Fig. 2). 

Some features in Fig. 2 and Table A.1 may contrast with Fig. 1. Even 
though the NE exhibits the strongest τ (Fig. 1) in most of the cases, in 
terms of λU is only more accentuated considering SPEI with the shorter 
timescale (Fig. 2). In fact, the relationship between summer NHD in the 
NE region and SPEI in June and July at 3-month timescale is described 
by a Gumbel model (extreme value copula), but the other months and 
timescales of SPEI in the NE feature Normal copulas (Table A.1). This 
means that in the NE a non-linear relationship between preceding 
drought and summer hot extremes dominates as we approach the 
cooccurrence of both extremes. This non-linear pattern in the NE be
tween summer NHD and both SPEI-3 in June and July is characterized 
by an upper extreme dependence (Fig. 2) while the longest timescales 
are linear dependence structures although the large τ values in com
parison to the other regions (Fig. 1). Since Kendall τ do not particularize 

Fig. 3. Conditional survival curves based on the samples of summer NHD generated from the selected copulas (Table A.1) under dry conditions (vsim,dry), indicating 
the exceedance probability 1 − Fvsim,dry with SPEI at 3-, 6- and 9-months’ time scales in May, June and July for each drought region in the Iberian Peninsula at the 
regional level (northwestern (NW), northeastern (NE), central (C), western (W), southwestern (SW) and southeastern (SE) region). 

Table 2 
95% confidence intervals (Eq. 6) of the conditional probabilities illustrated in Fig. 6.    

IB regions   
C SE NW NE SW W  

May (0.12,0.2) (0.16,0.22) (0.13,0.19) (0.14,0.2) (0.12,0.2) (0.1,0.18) 
SPEI June (0.09,0.16) (0.11,0.18) (0.12,0.18) (0.09,0.15) (0.12,0.2) (0.11,0.17) 
3-month July (0.08,0.13) (0.09,0.14) (0.12,0.17) (0.07,0.12) (0.11,0.15) (0.1,0.15)  

May (0.12,0.2) (0.16,0.22) (0.15,0.2) (0.14,0.2) (0.14,0.2) (0.12,0.2) 
SPEI June (0.1,0.16) (0.12,0.2) (0.12,0.18) (0.11,0.16) (0.12,0.2) (0.1,0.17) 
6-month July (0.09,0.15) (0.11,0.18) (0.11,0.16) (0.09,0.13) (0.1,0.17) (0.09,0.15)  

May (0.13,0.19) (0.16,0.21) (0.15,0.2) (0.14,0.19) (0.13,0.2) (0.12,0.2) 
SPEI June (0.1,0.16) (0.13,0.2) (0.13,0.19) (0.11,0.16) (0.12,0.2) (0.14,0.19) 
9-month July (0.1,0.15) (0.12,0.19) (0.12,0.17) (0.1,0.14) (0.11,0.18) (0.12,0.17)  

A.F.S. Ribeiro et al.                                                                                                                                                                                                                             



Weather and Climate Extremes 30 (2020) 100279

7

the tail dependence, it is perfectly possible to have non-vanishing τ and a 
small or even zero ???? In the case of the NE region at longer timescales 
of SPEI, the dependence is mostly near the median, which justifies the 
choice of a Normal copula (Table A.1), in contrast with the shorter 
timescale of SPEI during June and July dominated by a nonlinear rela
tionship with upper tail dependence (Gumbel copula, Table A.1). 

In addition, the pointed out vertical gradient in the eastern part (NE 
and SE) of the IP based on Kendall’s τ (Fig. 1), is not so evident in terms 
of upper tail dependence at the 3-month timescale in June and July, 
which show similar λU values in NE and SE (Fig. 2). Nevertheless, the 
upper tail dependence in the SE in that case is slightly lower than in the 
NE, in agreement with lower τ values in the SE. This finding suggests 
that in comparison to the SE region, more extreme SPEI-3 in June and 
July drives more extreme summer NHD in the NE because is where 
occurs the strongest relationship in the upper right quadrant. 

Another feature in Fig. 2 and Table A.1 contrasting Fig. 1, is in the 
SW region, which displayed rather modest Kendall’s τ values but is the 
region with the higher number of Gumbel models describing the rela
tionship between SPEI and NHD (Table A.1) and hence λU ∕= 0 (Fig. 2). 
Thus, suggesting how variables with no apparent noteworthy correla
tion may show tail dependence in extreme values and hence how 
extreme hot summers are more likely to be induced by extreme drought 
than by normal drought in the SW. Still, in comparison to the other 
regions, a larger λU in the SW is only observed in one case, with July with 
a SPEI-6 (Fig. 2). Hence, a careful interpretation between correlation 
structure and extreme deviations is required because the higher number 
of cases characterized by an extreme value copula (Gumbel) in the SW 
could lead to the intuitive interpretation that is also where could occur 
the higher number of cases with strongest upper tail dependence. 

The C region follows the SW in terms of the number of cases with 
non-linear dependency structures (Fig. 2) and when considering June 
drought conditions, the C region is where the highest λU values between 

SPEI and summer NHD occur at all timescales (Fig. 2). In the W region, 
the May drought conditions shows a modest τ values with NHD, but it’s 
the region with highest λU at the 3- and 9-month timescales, being the 
region with highest predictive power of summer hot extremes. 

In order to understand if summer hot extremes are exacerbated by 
the previous dryness, samples of SPEI and NHD generated from the 
selected copulas are further used to compare the summer NHD behavior 
when preceded by dry conditions (vsim,dry) or by normal/wet conditions 
(vsim,wet). Figs. 3 and 4 show the conditional survival functions of NHD 
under dry and normal/wet conditions, respectively. The probabilities of 
exceedance when preceded by dry conditions (Fig. 3) display a much 
larger spatial heterogeneity between regions in comparison to when 
preceded by normal/wet conditions (Fig. 4). Moreover, the survival 
curves in Fig. 3 are always more accentuated than survival curves in 
Fig. 4, suggesting that the probabilities of exceedance are always higher 
when NHD is preceded by dryness rather than by normal/wet 
conditions. 

According to Fig. 3, the regions with more accentuated survival 
curves (higher NHD probabilities of exceedance) are the W, NE and C, 
depending on the month and timescale of SPEI. In the W region in 
particular, the NHD survival curves conditioned by drought conditions 
in May at all timescales are mainly on the top, which suggest that 
summer extreme temperatures in the W are mainly conditioned by 
spring drought. This is in agreement with the values of λU in Fig. 2, 
which point out a litoral influence of drought conditions in May as well. 
Similarly, in June the region with strongest λU is the C in all timescales, 
and the lead of C survival curves in June is also notable at 6- and 9- 
months. In contrast, the southern regions (SE and SW) and in some 
cases the NW region, are mainly associated to the lower survival curves, 
suggesting lower probabilities of exceedance (Fig. 3). Generally, the 
survivals curves are more accentuated from May to July (like Fig. 1), and 

Fig. 4. Same as Fig. 3 for wet/normal conditions.  
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the differences between timescales is not so evident (Fig. 3). However, 
SPEI-3 in May and July may display larger differences between regions, 
while the curves in the other cases are closest between regions. 

Based on the conditional survival functions (Figs. 3 and 4), the 
conditional probability of NHD exceeding the quantile q = 0.8 (the same 
threshold used here to define drought conditions) over each region when 
preceded by dry or normal/wet conditions is obtained by 1− Fvsim,dry (0.8)
and 1 − Fvsim,wet (0.8) and shown in Figs. 5 and 6, respectively. As expected 
from the previous shown survival curves (Figs. 3 and 4), the conditional 
probabilities are always higher when NHD is preceded by dryness 
(Fig. 5) rather than by normal/wet conditions (Fig. 6). Moreover, Fig. 5 
displays a much larger spatial heterogeneity in comparison to Fig. 6, 
showing that the response of NHD extremes to dryness varies between 
regions over the IP territory (in contrast, the results suggest that the 
response of NHD extremes to wetness is similar between regions). This 
result suggests that water surplus do not influence as much as water 
stress influences summer extreme temperatures (in agreement with the 
fact that most of the regions feature models capturing the behavior in the 
upper extreme quantiles), and that the drought-related hot extremes 
varies significantly among regions in contrast to Fig. 6. In general, the 
probabilities of exceedance hot extremes at the q = 0.8 under dry con
ditions exceed 40% in most of the cases (except some regions in May and 
June 9-month), and under wet regimes the same chances are lesser than 
19% in all cases. 

According to Fig. 5, the regions with highest conditional probabili
ties of exceedance of hot extremes at the q = 0.8 when preceded by 
dryness are the W, NE and C regions (also in accordance with the sur
vival functions in Fig. 3). When the SPEI values in July and previous 

months (depending the month time scale) point to dry condition, NE is 
the region with highest probability of occurring summer hot extremes at 
all timescales, while when June is a dry month, in the C region is slightly 
more likely of occurring summer hot extremes induced by dryness at 6- 
and 9-months timescales (Fig. 5). In dry Mays, the W region is where 
most of the following summer hot extremes may by induced by dryness 
as shown at all timescales (as previously shown in Fig. 2), despite being 
the second in raking in case of 6 months, but very close to the first in the 
ranking. 

When the SPEI values in May point to dry condition, the SE region is 
the one with lowest probabilities of occurring hot extremes at all time
scales (Fig. 5), while when the SPEI values in June and July point to dry 
conditions, NW is the region with lowest probabilities of occurring hot 
extremes in the following summer at the shorter timescales (3- and 6- 
months). At the longest timescale (9-months), the W region is the one 
with less likelihood of having hot extremes induced by drought condi
tions (in contrast with a dry May in the same region). Hence, the way 
how water stress affects the following summer hot extremes varies with 
the month, timescale of event and region (Fig. 5). The same conclusion is 
not so evident when the hottest months are preceded by water surplus or 
normal conditions (Fig. 6). 

As conditional probabilities in Fig. 6 do not vary as much between 
months, timescales and regions as Fig. 5, maps illustrating the differ
ences between dryness and wetness would have a similar coloring to 
Fig. 5. As so, the transition from previous wet to dry regimes has the 
biggest impact in July, followed by June and May. In the same way, the 
regions with largest changes in conditional probabilities from wet to dry 
regimes are NE, C and W regions, depending on the month and 

Fig. 5. Spatial patterns of the conditional probability of summer NHD exceeding the quantile q = 0.8 based on the copula simulations over each drought region when 
preceded by dryness (1 − Fvsim,dry (0.8)) with SPEI at 3-, 6- and 9-months’ time scales in May, June and July for each drought region in the Iberian Peninsula at the 
regional level. The associated 95% confidence intervals are shown in Table 1. 
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timescale. In the case of the NE region in July at 3-month timescale the 
conditional probabilities of hot extremes may increase 57% when we 
transit from water surplus to deficits. In contrast, in the SE region in May 
at all timescales, the changes between Figs. 5 and 6 are only around 
10%, because it is the region with highest likelihood of exceeding 
extreme values of NHD after soil moisture surplus in this case. 

4. Discussion 

According to the results, the influence of July dry conditions on 
summer hot extremes is more evident in NE regions, while May and June 
drought may influence more the number of warmer days in W and C 
regions, respectively. Moreover, the strength of this relation progresses 
from spring to summer and, subsequently, from W to C and NE (varying 
with timescale). Although the use of different methodologies makes 
difficult a direct comparison between studies, this conclusion agrees 
with previous works that found relationships between very dry condi
tions in spring and the evolution of warm days in W and C regions 
(Fernández-Montes et al., 2013). Additionally, the dominance of 
extreme temperatures in the NE part of the IP is also acknowledge in 
several studies (Fernández-Montes et al., 2013; El Kenawy et al., 2012; 
Rodríguez-Puebla et al., 2010), including during the 2003 heatwave 
(Díaz et al., 2006). The NE of the IP includes the Ebro valley, which is a 
semi-arid region with increasing drought severity (Ojeda et al., 2016; 
Vicente-Serrano et al., 2014; Vicente-Serrano and Cuadrat-Prats, 2007) 
and is experiencing an overall warming (El Kenawy et al., 2012). In 
contrast, in wet zones such as the NW where drought is not a major 
limiting factor (Ojeda et al., 2016) we do not identify a key influence on 
the occurrence of hot summers. 

Other relevant mechanisms before and during heatwaves, such as the 

associated atmospheric circulation, was beyond the present study’s 
scope, and it has been assessed by other authors which discuss the role 
played blocking patterns and ridge of high pressure (Sousa et al., 2018; 
Tomczyk et al., 2017). More recently, Sousa et al. (2019) have discussed 
the influence of Saharan air intrusions as a relevant mechanism for the 
occurrence of hot extremes in the IP. Other studies focus on the synoptic 
diagnosis of both heatwaves and droughts (Fink et al., 2006). Overall, 
the results suggest that when SPEI on previous months indicates dryness, 
rather than normal/wet conditions, the probabilities of occurring hot 
extremes during the following hottest months rises substantially. This 
result is in accordance with previous works, which identified in the IP 
significantly correlations between NHD and drought indicators, i.e., 
high values of NHD follows SPI/SPEI values associated to drought 
(Mueller and Seneviratne, 2012; Russo et al., 2019). Although these 
works pinpoint that there is a strong association and a certain predict
ability between preceding drought conditions and summer extreme 
temperatures, they lack a joint probability approach to address the risk 
of surpassing certain threshold conditions. The present approach has 
gone one step further by adopting a copula-based methodology which 
allowed for the estimation of conditional probabilities for specific 
thresholds of SPEI and NHD. 

Although detrending is a usual procedure applied to distinguish be
tween global warming and interannual variability, the application of a 
detrending procedure to the maximum temperature dataset used for the 
computation of NHD would be critical to define the summer hot ex
tremes. A recent study by Turco et al. (2019) shows a comparison be
tween detrending and not detrending maximum temperatures, with 
extreme cases such as the 2017 fire season in Portugal being missed 
when detrending is applied. One of the most important outcomes of this 
study is the proven ability to estimate the conditional probability of 

Fig. 6. Same as Fig. 5 for wet/normal conditions. The associated 95% confidence intervals are shown in Table 2.  
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drought-related hot extremes in the summer of the IP for different re
gions. Similarly, the study by Mueller and Seneviratne (2012) have 
determined the occurrence probability for above-average NHD for the 
globe, and found that after wet conditions is very unlikely to exceed 
above-average NHD in most of the areas of the world, including the IP. 

5. Conclusions 

The present study aimed to investigate the conditional probability of 
compound dry and hot extremes in the IP at the regional level, partic
ularly summer hotness induced by previous dryness. The main findings 
of this study are summarized below:  

- The dependence structure between SPEI and NHD is very well 
identified for the most of the IP’s regions by asymmetrical copulas 
with upper tail dependence (except in NW regions), suggesting that 
compound hot and dry extremes are strongly associated. 

- The transition from previous wet to dry regimes increases substan
tially the probability of exceeding NHD extreme values suggesting 
how summer hot extremes may be induced by previous soil moisture 
deficits.  

- The relationships between summer NHD and previous SPEI increase 
from May to July, suggesting that the predictability power of a hot 
prone July and August increases as summer arrives.  

- IP’s drought spatial heterogeneity was found to be a main factor 
when characterizing the water stress influence on following summer 
extreme temperatures.  

- In general, NE, W and C regions were found to be the regions with 
highest conditional probabilities of exceedance of hot extremes when 
preceded by dryness, in contrast to SW, NW and SE regions 
(depending on the SPEI month and timescale). 

Future assessments of the amplified impacts of this kind of com
pound events in comparison with the impacts of individual drought or 

hotness is one of the targets for further work. Namely the impacts of 
compound drought and heat on the agricultural crops and how to pre
vent associated losses (Feng et al., 2019). Moreover, the combination of 
deficit precipitation and hot conditions may also exacerbate the fire risk 
and air pollution and understand the changes in these likelihoods are 
other promising lines for future research in the present climate chance 
context. Nonetheless, the development of such studies requires higher 
dimensional models with more complex structures and other methods 
rather than bivariate copulas. 
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Appendix

Figure A.1. Top: Four main Principal Component Analysis (PCA) modes considering the SPEI during May and June at the 3-month timescale. Bottom: Varimax 
rotated PCA modes, from which the main 3 were retained.  
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Figure A.2. Same as Fig. S1 for the 6-month timescale.  

Figure A.3. Same as Fig. S1 for the 9-month timescale.   

Table A.1 
Copula models selected based on the Bayesian Information Criteria (BIC) to characterize the joint behavior between SPEI at 3-, 6- and 9-months’ time scales in May, 
June and July and the sum of NHD in July and August for the 1950–2014 period in the Iberian Peninsula at the regional level (northwestern (NW), northeastern (NE), 
central (C), western (W), southwestern (SW) and southeastern (SE) region).    

IB regions   
C SE NW NE SW W  

May Joe Normal Normal Normal Joe Joe 
SPEI June Joe Joe Normal Gumbel Joe Gumbel 
3-month July Gumbel Joe Normal Gumbel Normal Normal  

May Joe Normal Normal Normal Gumbel Joe 
SPEI June Joe Joe Normal Normal Joe Joe 
6-month July Gumbel Joe Normal Normal Joe Gumbel  

May Normal Normal Frank Normal Gumbel Joe 
SPEI June Joe Joe Normal Normal Gumbel Frank 
9-month July Normal Joe Normal Normal Gumbel Frank   
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Table A.2 
p-value of the copula models selected based on the Bayesian Information Criteria (BIC) to characterize the joint behavior between SPEI at 3-, 6- and 9-months’ time 
scales in May, June and July and the sum of NHD in July and August for the 1950–2014 period in the Iberian Peninsula at the regional level (northwestern (NW), 
northeastern (NE), central (C), western (W), southwestern (SW) and southeastern (SE) region).    

IB regions   
C SE NW NE SW W  

May 0.30 0.21 0.38 0.38 0.87 0.55 
SPEI June 0.62 0.57 0.79 0.35 0.58 0.66 
3-month July 0.35 0.67 0.76 0.73 0.19 0.54  

May 0.30 0.62 0.17 0.55 0.63 0.54 
SPEI June 0.23 0.48 0.67 0.26 0.41 0.56 
6-month July 0.49 0.47 0.74 0.61 0.28 0.58  

May 0.14 0.35 0.19 0.45 0.51 0.42 
SPEI June 0.29 0.62 0.26 0.27 0.64 0.12 
9-month July 0.14 0.56 0.85 0.16 0.23 0.30  
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