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Abstract
Weather and climate hazards cause too many fatalities each year. These weather and climate
hazards are projected to increase in frequency and intensity due to global warming. Here,
we use a disaster database to investigate continentally aggregated fatality data for trends.
We also examine whether modes of climate variability affect the propensity of fatalities.
Furthermore, we quantify fatality risk by computing effective return periods which depend
on modes of climate variability. We find statistically significant increasing trends for heat
waves and floods for worldwide aggregated data. Significant trends occur in the number
of fatalities in Asia where fatalities due to heat waves and floods are increasing, while
storm-related fatalities are decreasing. However, when normalized by population size, the
trends are no longer significant. Furthermore, the number of fatalities can be well described
probabilistically by an extreme value distribution, a generalized Pareto distribution (GPD).
Based on the GPD, we evaluate covariates which affect the number of fatalities aggregated
over all hazard types. For this purpose, we evaluate combinations of modes of climate vari-
ability and socio-economic indicators as covariates. We find no evidence for a significant
direct impact from socio-economic indicators; however, we find significant evidence for the
impact from modes of climate variability on the number of fatalities. The important modes
of climate variability affecting the number of fatalities are tropical cyclone activity, modes
of sea surface temperature and atmospheric teleconnection patterns. This offers the poten-
tial of predictability of the number of fatalities given that most of these climate modes are
predictable on seasonal to inter-annual time scales.
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1 Introduction

Extreme weather and climate events cause too many fatalities each year (e.g., Borden and
Cutter 2008; Hoeppe 2016; Eckstein et al. 2019; Watts et al. 2019). These events cause
on average 60,000 fatalities per year (Global Change Data Lab. Our World in Data 2019)
(Fig. 1), which account for about 0.1% of all deaths globally on average; from year to
year, this rate can range between 0.01 and 0.4%. While most fatalities occur in developing
countries (Eckstein et al. 2019), developed countries can also experience deadly weather
and climate events. For instance, in 2018, Germany ranked third in the annual Climate Risk
Index of Germanwatch (Eckstein et al. 2019) because it was severely affected by drought
conditions and a heat wave which caused about 1246 fatalities. The European heat wave of
2003 caused up to 70,000 fatalities (Robine et al. 2008). This shows that developed countries
can also be severely affected by extreme events.

However, the most deadliest extreme weather and climate events occur in developing
countries. Asia is the most affected continent; accounting for almost 70% of all fatalities in
the period 1960 through 2019 based on the Emergency Events Database (EM-DAT) (Fig. 2).
Africa is the second most affected, accounting for about 11%. Altogether, these events in
developing countries account for almost 90% of all fatalities. Hence, an analysis of trends
and whether the number of fatalities is potentially predictable is needed. Decreasing trends
might suggest that societies were able to adapt to these events in order to mitigate their
impacts or that our ability to predict and warn of these hazards has improved (Bakkensen
and Mendelsohn 2016; Formetta and Feyen 2019).

Fatal weather and climate extremes include heat waves (e.g., Gasparrini and Armstrong
2011; D’Ippoliti et al. 2010; Anderson and Bell 2010; Guo et al. 2017; Lee et al. 2019;
Gasparrini et al. 2017), droughts (Ezra and Kiros 2000), storms (e.g., Brunkard et al. 2008;
Diakakis et al. 2015; Rappaport 2014; Bakkensen and Mendelsohn 2016; Ashley and Gilson
2009), and floods (e.g., Jonkman and Kelman 2005b; Jonkman 2005a; Kundzewicz and
Kundzewicz 2005; He et al. 2018; Ashley and Ashley 2008; Doocy et al. 2013; Bouwer and
Jonkman 2018). However, these types of extreme events are not necessarily independent
from each other. Drought conditions are typically co-occurring with heat waves and storms
can lead to flooding and other natural hazards. Hence, we have to deal with compound
extremes (Leonard et al. 2014). One way to overcome potential difficulties in distinguishing
between different types of extreme events is to aggregate over all of them to get more robust
results. This will enable us to focus more on the large-scale drivers of these fatality events.
Furthermore, aggregation of all hazard types is a sensible approach because the classifica-
tion of fatalities to the different hazard types is non-trivial. For example, it is not always
clear whether fatalities due to flooding which were caused by a storm has been attributed to
the hazard type of flood or storm (Jonkman 2005a; Ashley and Ashley 2008).

Future climate simulations project that these extremes will become more frequent and
intense (Field et al. 2012, 2014; Stocker et al. 2013; Franzke 2017) and will likely increase
the number of fatalities (Wang et al. 2019). Best studied is probably the link between
temperature and fatalities (e.g., Gasparrini et al. 2015; Deschenes and Moretti 2009).
Gasparrini et al. (2015) show that cold temperatures actually cause more fatalities than
warm temperatures. This would imply that global warming should lead to a reduction in
temperature-related fatalities. However, their “temperature–mortality association relative
risk” curves (Gasparrini et al. 2015) show relative steep slopes for increasing temperatures,
which suggests that in a globally warmer world the number of fatalities might also steeply
rise.
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Fig. 1 Mean and median numbers of fatalities due to weather and climate hazards: a worldwide, b Africa, c
Asia, d Europe, e North America, f Central America, g South America and h Oceania
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Fig. 2 Continental fractions of fatalities per year: a total number of fatalities and b number of fatalities per
continental population

Since weather and climate extreme events occur episodically, the number of fatalities due
to these hazards also varies considerably from year to year. Consequently, natural modes of
climate variability will also affect the propensity of weather and climate extreme events to
occur and the number of fatalities they cause. While previous studies typically employed
regression techniques for the analysis of fatalities, here we study the probabilistic relation-
ship between fatality risk and modes of climate variability and socio-economic indicators
because of the episodic nature of extreme events. We do this by using extreme value statis-
tics. In particular, we fit a non-stationary generalized Pareto distribution (GPD). To account
for possible non-stationarities, we use covariates for the parameters of the GPD. Our study
will provide probabilistic prediction models for the number of fatalities which will allow us
to identify the climate drivers of disasters.

We use probabilistic methods to measure fatality risk. Our extreme value statistical
methods provide probabilities of a given number of fatalities to occur per year. These prob-
abilities can be converted into return levels and corresponding return periods (Coles 2001).
Return levels are the number of fatalities y one can expect to occur once every x-years.
Since, as we will show below, the probabilities of the number of fatalities will depend on
large-scale modes of climate variability, return levels are less meaningful. Thus, we will
use effective return levels (Cooley 2009, 2013; Katz et al. 2002; Rootzén and Katz 2013) to
quantify the risks of fatalities. Effective return levels depend on covariates, such as large-
scale modes of climate variability. The El Niño–Southern Oscillation (ENSO) (McPhaden
et al. 2006) is an example of such a mode.

Fatality studies are most often hazard specific or event specific, making systematic anal-
ysis of fatalities from weather and climate extreme events difficult. For this purpose, we
present here a systematic study of continental fatalities across different hazard types and
also aggregated over all hazard types. The aggregation is necessary since for all hazard types
and continents, there is not a sufficient amount of events available for a robust analysis
using probabilistic methods. Furthermore, since we are examining annual fatalities, it makes
sense to aggregate over all hazard types in order to get an aggregated risk estimate since,
e.g., a negative ENSO phase leads not only to an enhanced propensity of storms (Allen et al.
2015) but also to an enhanced likelihood of drought conditions (Mo and Schemm 2008)
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in the USA. Since many integrated climate assessment models mainly represent large or
aggregated economies, e.g., Europe (Nordhaus and Boyer 2000; Leimbach et al. 2010), con-
tinentally integrated fatality models could be seamlessly included in such models. Hence,
aggregating over hazard types can be useful for risk management purposes.

Here we address the following research questions: (i) Are there significant continental
trends in the number of fatalities due to weather and climate extreme events? (ii) Can the
number of fatalities be modeled by an extreme value distribution? and (iii) Are modes of
climate variability affecting the propensity of fatalities? In Section 2, we describe the data
used and the analysis methods. In Section 3, we discuss our results: first a trend analysis
and second an extreme value statistic analysis. In Section 4, we summarize our results and
conclude.

2 Data andmethods

2.1 Data

In this study, we are using data from the International Disaster Database EM-DAT from the
Centre for Research on the Epidemiology of Disasters (Guha-Sapir et al. 2017) to analyze
disaster data related to weather and climate extreme events. The quality of EM-DAT has
been discussed and compared with commercial databases by Guha-Sapir and Below (2002)
and is of high standards. In our study, we use the group “Natural” disasters and select the
following sub-groups: climatological, meteorological, and hydrological disasters. In partic-
ular, we consider the hazard types storm, flood, heat wave and drought. EM-DAT includes
all disasters from 1900 until the present, conforming to at least one of the following criteria:

• 10 or more people dead
• 100 or more people affected
• The declaration of a state of emergency
• A call for international assistance

We use data for the period 1960 through 2019 because for this period, socio-economic data
is available for all continents. We also aggregate the fatality data into continent-wide esti-
mates. We consider Africa, Asia, Europe, North America, Central America, South America
and Oceania as continents. The country classification is based on the list of countries per
continent provided by Guha-Sapir et al. (2017). The time series of the number of fatalities
are displayed in Fig. 3.

We use the following modes of climate variability and socio-economic indicators as
covariates:

• Gross domestic product (GDP) from the World Bank: https://data.worldbank.org/
indicator/NY.GDP.MKTP.PP.KD (last accessed: 8th April 2020). GDP is a monetary
measure of the market value of all services and final goods produced over a specific
time period in a country. For each country, we converted the GDP to international dol-
lars using purchasing power parity rates and then aggregated the annual GDP over the
respective continents.

• Population per country from the World Bank: https://data.worldbank.org/indicator/SP.
POP.TOTL (last accessed: 8th April 2020). Annual country-level population numbers
are used and then aggregated over the respective continents.
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Fig. 3 Number of fatalities due to weather and climate hazards: a worldwide, b Africa, c Asia, d Europe, e
North America, f Central America, g South America and h Oceania
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• Global mean surface temperature (GMST) from the HadCRUT 4.6.0.0 annual mean
data set (Morice et al. 2012). The GMST are temperature anomalies (deg C) relative to
the 1961–1990 mean period.

• Global mean sea level time series is based on data from Church and
White (2011) and AVISO data (https://www.aviso.altimetry.fr/en/data/products/
ocean-indicators-products/mean-sea-level/products-images.html).

• The accumulated cyclone energy (ACE) index combines intensity and duration for indi-
vidual tropical cyclones by squaring the 6-hourly intensity estimates reported in the
best-track database and integrating over individual life cycles or seasons partitioned
according to basin or hemisphere (Maue 2011). We use the ACE for the following
regions: North Atlantic (ACE), West Pacific (ACEWP), North East Pacific (ACENEP),
North Indian Ocean (ACENIO), Northern Hemisphere (ACENH), Southern Hemi-
sphere (ACESH) and Global (ACEGLOBAL) (Villarini and Vecchi 2012).

• The Net Tropical Cyclone (NTC) activity index in the Atlantic sector is computed as
the mean over the following normalized parameters: number of named storms, num-
ber of named storm days, number of hurricanes, number of hurricane days, number of
intense hurricanes and number of intense hurricane days. Normalization is done by the
climatological values (Gray et al. 1994; Klotzbach 2007).

• Sea surface temperature (SST) modes computed as empirical orthogonal functions of
global gridded SST (Messié and Chavez 2011). SST1 is associated with ENSO (Phi-
lander 1983), SST2 with the Atlantic Multidecadal Oscillation (AMO) (Knight et al.
2005), SST3 with the Pacific Decadal Oscillation (PDO) (Mantua and Hare 2002),
SST4 with the North Pacific Gyre Oscillation (NPGO) (Di Lorenzo et al. 2008) and El
Niño Modoki (Ashok et al. 2007), and SST5 with El Niño Modoki and SST6 with the
Atlantic Niño (Zebiak 1993). These SST modes comprise the most important modes of
SST variability which have typically significant impacts on the atmospheric circulation
and extreme events on long time scales.

• The most dominant atmospheric teleconnection patterns such as the North Atlantic
Oscillation (NAO), the Pacific-North American (PNA) pattern and the Southern Annual
Mode (e.g., Wallace and Gutzler 1981; Feldstein and Franzke 2017). These telecon-
nection patterns exert significant impact on extreme events (e.g., Feldstein and Franzke
2017).

The above data is available on the Climate Explorer web page https://climexp.knmi.nl/start.
cgi unless otherwise stated.

2.2 Methods

For the statistical trend analysis, we use quantile regression (e.g., Koenker and Hallock
2001, 2017; Donner et al. 2012; Franzke 2015) which approximates quantiles of a response
variable using linear programming via the simplex algorithm (Koenker and Hallock 2001).
Linear quantile regression minimizes the following functional:

n∑

i=1

ρp(yi − xT β) (1)

where ρp(u) = puI[0,∞) − (1 − p)uI(−∞,0)(u) is the check function, IA(u) = 1 if u ∈ A

and otherwise 0 is the indicator function, n is the length of the time series y, x = (1, x)T ,
x is a vector of the time points, β denotes the regression coefficients to be estimated and
p the pre-specified quantile. We use the R package quantreg by Koenker (2018). Quantile
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regression is also robust against outliers. This is of advantage in our study since some years
have very large fatalities numbers and by using quantile regression these singular events
do not exert a dominant impact on our trend estimates. Due to the episodic nature of the
fatalities time series, we only fit linear trends. Nonlinear trends would likely lead to non-
robust trend estimates and polynomial trend functions could be highly affected by individual
extreme events.

We also use the non-parametric Mann-Kendall method to test for statistical significance
of trends (Mann 1945; Kendall 1948; Hamed and Rao 1998; Franzke 2015). The Mann-
Kendall test detects monotonic trends without the need to provide a specified trend function
form. The Mann-Kendall test is also robust against individual extreme events (or outliers).

We use the GPD (Coles 2001; Beirlant et al. 2006) to probabilistically examine the
fatality data. We follow the approach by Franzke and Czupryna (2019). The GPD is given
by

p(x) =
{

1
σ
(ξz + 1)

− 1
ξ , for ξ �= 0,

1
σ
e−z, for ξ = 0.

(2)

with z = x−μ
σ

, where μ denotes the location, σ the scale and ξ the shape parameters.
We systematically selected thresholds above which the GPD parameters do not change any
longer with respect to their uncertainty bounds (Coles 2001).

We also allow these parameters to be dependent on covariates COVi (Coles 2001;
Franzke and Czupryna 2019):

μ = μ0 + μ1COV1 + μ2COV2 + . . . (3)

ξ = ξ0 + ξ1COV1 + ξ2COV2 + . . . (4)

in order to ensure the positivity of the scale parameter σ we perform a log-transformation
φ = log(σ ) and the covariates dependence is as follows:

φ = φ0 + φ1COV1 + φ2COV2 + . . . (5)

We use the same thresholds as for the stationary GPD models. We also tested the sensitivity
of the non-stationary models to the threshold and found little sensitivity (not shown). Fur-
thermore, we simultaneously fit a Poison point process to model the threshold exceedances
(Coles 2001; Gilleland and Katz 2016; Franzke and Czupryna 2019). The use of Poisson-
GPD models allows us to compute effective return periods which depend on covariates
(Cooley 2013; Rootzén and Katz 2013). Since the occurrence probabilities depend on
covariates, standard return periods are less meaningful. For given values of the covariates
we compute the corresponding return periods and return levels. We use the R package
extRemes by Gilleland and Katz (2016) for the extreme value analysis. The stationary and
non-stationary GPD models are fitted using a maximum likelihood estimator.

3 Results

In Fig. 1, we summarize the mean and median of fatalities for the continents and across
the 4 types of considered hazards. The comparison between the mean and median reveals
that individual events can have a large impact on the annual mean number of fatalities.
For instance, while worldwide annual mean drought fatalities are about 36,000, the annual
median is just 8.5. The highest annual mean fatalities due to drought occur in Africa and
Asia, while the annual medians are 0. This basically means that at least in 50% of the years
of our data no fatalities due to drought occurred while the annual means would predict
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fatalities on the order of 10,000 per year. This is also a strong motivation for our use of
probabilistic methods for modeling the annual numbers of fatalities. The number of fatalities
in most continents is also dominated by one hazard type, e.g., heat waves in Europe and
storms in North America.

In Fig. 3, we display the time series of the number of fatalities per year. A clear episodic
behavior is discernible. A pronounced feature for all continents is that a few years can suffer
an enormous number of fatalities, while all other years experience a much smaller number
of fatalities. This is the behavior we already inferred from the comparison between mean
and median fatalities in Fig. 1. This shows that the above stated number of 60,000 fatalities
per year on average can be misleading especially when it comes to aid plans. This calls for
robust methods to search for possible trends and to perform a probabilistic approach for
examining climate and socio-economic contributors to the number of fatalities.

Here we briefly discuss some of the most deadliest events based on the EM-DAT
database: Droughts are the cause of most fatalities in Africa. The 1983 drought in Ethiopia
caused about 450,500 fatalities. River floods can also cause larger numbers of fatalities in
Africa. The deadliest events in Asia occurred in India in 1965 with 1.5 million fatalities
due to a drought. Bangladesh is often hit by storms due to which in 1970 about 300,000
people died. In Asia, droughts and tropical cyclones cause most fatalities on average. In
Europe, heat waves are a major cause of fatalities; the 2003 heat wave in Italy, France and
Spain caused large numbers of fatalities on the order of 70,000 (Robine et al. 2008) while
the 2010 drought and heat wave in Russia led to about 55,000 fatalities. Since the fatalities
are distributed among different European countries, the numbers of these events are ranked
lower in disaster databases than if they happened in large countries. In North America, the
deadliest event occurred in 2005 due to hurricane Katrina with about 1900 deaths. Most
fatalities in North America are due to tropical cyclones, heat waves and convective storms.
In Central America, hurricane Mitch killed over 11,000 people in 1998. Most fatalities in
Central America are caused by tropical cyclones. In South America, the deadliest event was
in 1999 in Venezuela due to a flash flood killing about 30,000. Flooding and land slides are
the events causing the most fatalities in South America. The highest number of fatalities for
Oceania is 600 due to a drought in Australia in 1967. The 2009 heat wave led to 347 deaths
in Australia. In addition, tropical storms can also cause many fatalities in Oceania.

On average, extreme events account for 10.9% of Africa’s, 69.7% of Asia’s, 6.8% of
Europe’s, 3.1% of North America’s, 3.4% of Central America’s, 5.4% of South America’s
and 0.7% of Oceania’s yearly average fatalities due to weather and climate extreme events
(Fig. 2a). However, this does not take into account the total population size of each conti-
nent. The fractions change once we divide the number of fatalities by the population size of
the respective continent. After this, Africa accounts for 12.5%, Asia for 28.6%, Europe for
8.4%, North America for 9.1%, Central America for 13.9%, South America for 12.6% and
Oceania for 14.9% of the yearly fatalities on average (Fig. 2b). This reveals that Asia is the
most affected continent when it comes to fatalities both in total numbers and as a share of its
population. Similarly, Oceania and Central America are severely affected when it comes to
the number of fatalities per population. This is consistent with the fact that many countries
from both continents are consistently ranked as extremely vulnerable to extreme weather
and climate events by climate risk indices (Eckstein et al. 2019; Mucke et al. 2019).

3.1 Trends

Next, we investigate the fatality time series for trends. We focus on the mean and the 50th
and 90th percentiles in order to detect possible trends in the mean, the median and a large
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quantile. Our results are displayed in Fig. 4 (see also Table S1). Our results reveal that
significant trends occur in Asia and Africa. While in Asia the total number of fatalities
experienced significant decreasing trends in both mean and median, this is mainly due to a
reduction in fatalities due to storms. On the other hand, Asia suffers increasing numbers of
fatalities due to floods and heat waves. Africa suffers from significant increases in overall
fatalities which are mainly due to a significant increase in fatalities due to storms. Europe
also suffers from an overall increase in fatalities which is mainly due to heat waves. This
increase in Europe can be linked to recent heat waves which caused large-scale increases in
fatalities during particular events (Robine et al. 2008; D’Ippoliti et al. 2010; Mitchell et al.
2016; Eckstein et al. 2019). The increase in European heat wave deaths has been attributed
to global warming (Mitchell et al. 2016). Considering worldwide data, there are significant
increases in fatalities due to heat waves and floods. Significant trends in extreme high num-
bers of fatalities are detectable in Asia and South America for heat waves where they are
increasing, and in Europe for floods where they are decreasing. Considering that there are
large population increases in some continents (not shown), we also examine whether there
are trends in the number of fatalities as a fraction of the total population. Such an examina-
tion reveals that there are no significant trends. This shows that while the absolute number
of fatalities is increasing for many hazards and continents, as a fraction of the total popula-
tion, they are not significantly changing. This suggests that most societies are successfully
mitigating the effects of extreme events (Bakkensen and Mendelsohn 2016; Formetta and
Feyen 2019).

3.2 Extreme value analysis

The episodic behavior visible in the fatality time series (Fig. 3) necessitates the use of prob-
abilistic methods for a detailed analysis of the data. For this purpose, we use extreme value
theory and fit a GPD to the time series. We start by fitting stationary GPD models to the
continent-wide aggregated data for the different hazard types and for the aggregation of all
hazard types. The quality of the GPD fits is evaluated using quantile-quantile plots (Coles

Fig. 4 Schematic of continental trends of number of fatalities for different hazard types. 50th denotes the
50th percentile trend, 90th the 90th percentile trend and Mean the Mann-Kendall trend
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2001; Gilleland and Katz 2016; Franzke and Czupryna 2019). These plots demonstrate the
goodness of fit of the GPD to the data (Fig. S1). For most quantiles, the GPD follows the
data closely; thus, the points are close to the solid line; there are deviations visible only for
very large values. These deviations are to be expected since for large quantiles only a very
small number of observations are available and, thus, the variance increases. Overall, the
GPD provides a good fit to the data and, therefore, allows us to compute return levels as a
measure of fatality risk, which are given in Fig. 5. For drought, we were not able to estimate
return periods due to a lack of sufficient data for Europe, North, Central, South America
and Oceania. For Oceania, we also did not have sufficient data to compute return periods for
heat waves. However, overall the stationary GPD provides good and robust fits and return
periods.

Next we examine whether including covariates improves the GPD fits. We do this for
data which are aggregated over all hazard types. For many hazard types on some continents,
we do not have sufficient data to get robust non-stationary GPD fits. Since our focus here is
on a global view of fatality risks, we focus on data aggregated over all hazards. We do this
for the period 1960 through 2017, since for some climate indices, more up to date data is
currently not available. We also examine combinations of covariates; for computational rea-
sons, we only use up to three different covariates. This already gives us about 5400 different
combinations to consider. We also only consider linear covariate relationships. Nonlinear
relationships would require longer time series in order to get robust results. We then use
the Bayesian Information Criterion (BIC) to select the GPD model which fits the data best
(Burnham and Anderson 2003; Franzke and Czupryna 2019). The best GPD models with
their parameter dependencies and covariates are given in Table S2. Our results show that the
best model for the respective continents is significantly superior to the second best models
according to our model selection procedure based on the BIC criterion; i.e., the difference
in BIC of the respective models is larger than 2 (Burnham and Anderson 2003) (not shown).

For the worldwide aggregated data a stationary GPD model provides the best fit model,
while for all continents covariates improve the GPD model. The covariates which affect the
number of fatalities are tropical cyclone activity (ACENIO, ACEWP, ACESH), sea surface
temperature anomalies (SST1, SST2, SST3, SST4) and atmospheric teleconnection patterns
(NAO and PNA). The corresponding GPD model parameters are given in Table S2.

In order to provide estimates of likely numbers of fatalities, we provide return levels
for 10-, 25- and 50-year return periods in Fig. 5 for the stationary model. In Table S3, we
provide effective return levels based on the non-stationary models. To compute the effective
return levels, we use the 10th, 50th and 90th percentiles of the respective quantiles and their
combinations.

For Africa, the highest fatality risk is associated with a high state of the ACENIO index
and negative states of the SST2 and NAO indices. ACENIO is generally an indicator of
increased tropical cyclone landfall in east Africa (Fitchett and Grab 2014) while SST2,
which corresponds to the AMO, and the NAO affect the propensity of drought conditions in
Africa (McHugh and Rogers 2001; Knight et al. 2006; Ogunjo et al. 2019; Nigam and Ruiz-
Barradas 2016). An example of a tropical cyclone hitting Africa is storm Idai, which formed
over the Indian Ocean, in March 2019 and caused about 1303 fatalities (Benfield 2019).

For Asia the deadliest combination is a high ACEWP state and a negative PNA. Both
lead to increased numbers of typhoons affecting East Asia. The negative phase of the
PNA leads also to increases in the number of typhoons (Choi and Moon 2013; Song and
Klotzbach 2019). Furthermore, the number of typhoons can also be seen as a proxy for both
SST1/ENSO and SST3/PDO whose interplay affects typhoon activity (e.g., Elsner and Liu
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Fig. 5 Return levels based on stationary GPD model: a worldwide, b Africa, c Asia, d Europe, e North
America, f Central America, g South America and h Oceania
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2003; Zhao and Wang 2016). The interplay of ENSO with the PDO also affects drought and
wet conditions (Wang et al. 2014; Krishnan and Sugi 2003). Hence, our results suggest that
the ACEWP index might be an efficient proxy for this complex relationship with respect to
the number of fatalities in this region.

For Europe, the deadliest combination is for negative SST1/ENSO and negative NAO
states together with a high SST3/PDO state. The fact that a negative NAO state increases
the propensity of European heat waves has been shown in Alvarez-Castro et al. (2018). An
inspection of the SST1/ENSO index reveals that European heat waves have a higher propen-
sity to occur during negative ENSO phases. The 2010 Russian heat wave has also occurred
during negative SST1/ENSO and NAO phases (Trenberth and Fasullo 2012; Schneidereit
et al. 2012). However, the ENSO-European heat wave is so far not well established and the
role of the PDO in Europe is even less well studied. Thus, further research is needed.

North American fatalities are affected by negative SST1 and a positive PNA. SST1 is
related to ENSO and a negative ENSO state has been linked to heat wave and drought con-
ditions (Schubert et al. 2016) and increased numbers of hurricanes (Saunders et al. 2000).
Also a positive PNA index is linked to drought conditions (Piao et al. 2016).

The number of fatalities in Central America is linked to the negative SST1/ENSO and
the negative SST3/PDO. Negative ENSO state leads to an increase in hurricane landfalls
(Saunders et al. 2000) and negative PDO states to an increase in flooding in Central America
(Aguilar et al. 2005). Storms, flooding and land slides are the major causes of weather-
related fatalities in Central America.

South America is affected by a positive SST1 state corresponding to a warm ENSO phase
which is related to precipitation extremes and flooding (Grimm and Tedeschi 2009; del
Rosario Prieto 2007); especially river flooding (Depetris et al. 1996; Pasquini and Depetris
2010).

Oceania is affected by SST4. SST4 is related to El Niño Modoki which can lead to
drought conditions (Taschetto and England 2009) and heat waves (Loughran et al. 2017;
Risbey et al. 2018).

A close inspection of the effective return levels (Table S3) reveals that for Asia, North
and Central America, minimum fatality return levels are not given by the opposite percentile
values as for the maximum fatality numbers. For instance, Asia exhibits the highest effec-
tive return levels for the 90th percentile of ACEWP and the 10th percentile of the PNA
index, while the minimum effective return levels are given for the 90th percentile for both
ACEWP and PNA. This indicates nonlinear behavior for these three continents since for
linear behavior one would expect that the opposite percentile values (the opposite to the
90th is the 10th percentile) to maximum fatalities would produce minimum fatalities. In this
respect, the other continents exhibit a more linear behavior.

4 Conclusions

We have performed a trend and a probabilistic analysis of continentally aggregated fatality
data in which we aimed to address 3 research questions:

• Are there significant continental trends in the number of fatalities due to weather and
climate extreme events?
We find statistically significant increasing trends for heat waves and floods for world-
wide aggregated data. Significant trends occur in the number of fatalities in Asia where
fatalities due to heat waves and floods are increasing while storm-related fatalities are
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decreasing. However, in Europe, we find the opposite; here, caused by recent heat
waves, we find a significant upward trend in the number of fatalities due to heat waves
and a significant downward trend for fatalities due to flooding. This suggests that
Europe still needs to better adapt to heat waves and other natural hazards, whose fre-
quency and intensity are projected to increase due to anthropogenic global warming in
the future (Schoetter et al. 2015).

However, when normalized by population size, the trends are no longer significant.
We did not find any evidence that population is a significant covariate. Whether and
how population growth indirectly affects the total number of fatalities needs further
research.

Overall, the numbers of fatalities over all hazard types are going down (see world-
wide fatalities in Fig. 1); though, they are not statistically significant. This suggests that
at least for storms and drought events most societies are better adapted (Bakkensen and
Mendelsohn 2016). For storms, this might be due better forecasts and warnings.

The used fatality record is rather short, especially for analyzing extremes. Some
of our considered climate covariates vary on fairly long time scales (e.g., Atlantic
Multidecadal Oscillation, Pacific Decadal Oscillation); thus, they can also affect the
long-term behavior of the number of fatalities. To distinguish better between forced
trends and natural long-term variability, we need better and longer fatality data sets.

The analysis of extreme events can be strongly affected by single very extreme
events, such as the drought event in India in 1965 with 1.5 million fatalities. However,
our used trend estimation methods, such as quantile regression and the Sen slope, are
robust with regard to extreme events (or outliers) (Koenker 2017; Shah et al. 2016).

• Can the number of fatalities be modeled by an extreme value distribution?
Our results demonstrate that the number of fatalities can be well described with a GPD.
We also find evidence that for most continents, non-stationary GPD models perform
better than stationary ones. Our results suggest that probabilistic approaches could be
more suitable for modeling and predicting the number of fatalities than regression-
based approaches. This can also be seen from the differences in the annual mean and
median numbers of fatalities (Fig. 1) which shows that the mean can be dominated by
a few very large events while most years have rather low numbers of fatalities.

• Are modes of climate variability affecting the propensity of fatalities?
We find clear evidence that modes of climate variability are affecting the propensity
and number of fatalities on all continents. We showed that non-stationary GPDs provide
good fits for continental fatality data. Significant covariates are the ENSO, the PDO,
tropical cyclone activity, the NAO and PNA patterns. This is schematically displayed in
Fig. 6. As these covariates are potentially predictable, this offers the potential to make
probabilistic predictions of the number of fatalities.

Our results have the caveat that we aggregate for the probabilistic covariance anal-
ysis over all hazard types. This can potentially affect the physical interpretation of the
results. On the one hand, the different hazard types might be forced by different covari-
ates and aggregating over all of them might impede the identification of the physical
causes. However, since for most continents just one hazard type is responsible for most
of the fatalities, this seems not to be a large problem. Furthermore, aggregated fatal-
ity numbers will be useful for mitigation and adaptation actions. Moreover, the modes
of climate variability also can affect different hazard types simultaneously, especially
over the time period of 1 year. We also have discussed the known relationships between
the modes of climate variability and hazards and have identified several relationships
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Fig. 6 Schematic of climate modes and fatalities. Indicated is the sign of the covariates in order to lead to
the highest risk of large numbers of fatalities to occur

which have not been reported in the literature so far. However, the robustness of these
relationships needs further research. It is also possible that indices such as tropical
cyclone activity can act as a proxy for climate modes which have not been considered
in our study.

Our analysis has found no direct evidence that anthropogenic global warming is
affecting the number of fatalities since the global mean temperature is not a signifi-
cant covariate for any of the continental fatalities time series. However, global warming
might still indirectly affect the number of fatalities by, e.g., intensifying floods or
storms. To make more definite statements about the role of anthropogenic global warm-
ing on mortality would require a systematic attribution study which is beyond the scope
of this study. Nonetheless, the study by Mitchell et al. (2016) attributed fatalities caused
by extreme heat to anthropogenic global warming. In particular, that study showed that
anthropogenic global warming increased the risk of heat-related fatality by 70% in Paris
and by 20% in London. However, adaptation can mitigate the number of fatalities dur-
ing such weather- and climate-related events. For instance, the study by Bakkensen and
Mendelsohn (2016) has shown that many nations were able to mitigate the impacts of
tropical cyclones on mortality and economic damages.

Our results also show the potentially important role of the PDO in the propensity of
weather and climate extremes. While there is a similarity with the spatial patterns of the
ENSO, they operate on different time scales. Our results suggest their individual roles need
to be better understood in order to make better predictions of extreme events. Our results
will potentially enhance preparedness and disaster epidemiology (Noji 1995).
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during colonial times. Clim Chang 83(1-2):39–54
Depetris PJ, Kempe S, Latif M, Mook W (1996) Enso-controlled flooding in the Paraná river (1904–1991).
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