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Abstract — The paper focuses the patterns seen
in the number of victims from natural catastrophic
phenomena. We consider the number of victims
of storms from 1900 up to 2013 in 11 countries
and study the distributions of the events with more
than 30 deadly victims. The similarities among
events across the 11 countries are analysed using
agglomerative hierarchical clustering. Countries
belonging to the same cluster are similar with
respect to fatalities. Power laws and hierarchical
clustering provide comparable results for the data.
Future work is needed in order to explore these
numerical tools in more countries and in victims of
other hazards.
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I – Introduction

In 1896, Vilfredo Pareto introduced power laws
(PLs)to model the distribution of individuals in-
comes [13]. Since then, studies of applications of PLs
to real world phenomena have largely increased. Exam-
ples are in wealth distribution and expenditure [11, 5],
city size distribution [19, 6], number of articles’ cita-
tions and scientific production [10, 15], number of vic-
tims in wars, terrorist attacks, and earthquakes [16, 3],
and words’ frequency [19]. Interesting reviews on PL
behavior and applications can be found in [17, 14].
The most well known examples of PL distributions

are the Pareto [13] and the Zipf [18, 19] laws. The later
is also known as rank-size rule.
Let X be a non-negative discrete random variable

following a PL distribution. Then, its complementary
cumulative distribution function is of the form F(x) =
P(X ≥ x) = C

α−1x
−(α−1), where α > 0, C > 0. In the

text, we will consider α̃ = α− 1 and C̃ = C
α̃ . The prob-

ability function of a discrete random variable following
Pareto distribution is given by:

P(X = x) =Cx−α (1)

Zipf law is a special case of the Pareto law with
exponent α̃ = 1.

Application of PL behavior in natural or human-made
phenomena usually comes with a log-log plot, where
the axes represent the size of an event and its frequency.
The log-log plot is asymptotically a straight line with
negative slope.
In this paper, we apply PLs and hierarchical clus-

tering to the study of casualties occurring in natural
hazards. In Section II, we review some results in the lit-
erature concerning patterns of the number of victims in
distinct natural hazards. Numerical results are presented
in Section III. Finally, we state the main conclusions of
this work and some future research directions.
II – Power laws in natural hazards

In the last decades, researchers have been focusing
in the patterns of natural and human made hazards.
Examples of the later are wars, terrorist attacks, torna-
does, earthquakes, landslides, floods, and other severe
occurrences [16, 7, 9, 8, 3].
Many attentive explanations have arisen in the lit-

erature. Nevertheless, the understanding of these phe-
nomena has always to consider political, geographical,
historical, and, even cultural, factors. Predicting the
number of casualties in natural or human-made disas-
ters is extremely important in developing pre-disaster
strategies. Aspects like rationalization of medical sup-
plies and food, gathering emergency teams, organize
shelter spaces, amongst others, have to be dealt with,
in order to minimize the damage.
Guzzetti [7] considers landslide events in specific

periods in different countries, such as Italy, Canada,
Alps, Hong Kong, Japan, and China. He shows that
the plot of the cumulative distribution function of the
number of landslide events vs the number of casualties
is well approximated by a straight line. This result
suggests a PL distribution of the data.
In 2005, Jonkman [9] studied the number of human

deaths caused by three types of floods (river floods, flash
floods and drainage issues), between January 1975 and
June 2002. Highest average mortality was computed for
flash floods. The author plotted the global frequency
of events with N or more deaths vs N. He observed a
PL behavior in all data but the flood data. Becerra et
al [2] use the same data set as Jonkman [9], but consider



all disasters combined, both globally and disaggregated
by continent. They obtained straight-line log-log plots
for all disasters combined. The slopes of the casualties
PL distributions were smaller than those for modern
wars and terrorism. The explanation for this remained
an open question. Another unsolved issue was the ex-
istence of PL behavior in combined disasters and not
in individual disasters, such as floods. Here it is worth
mentioning that casualties in earthquakes verified a PL
distribution [9, 2].
III – Results and discussion

In this section we apply PLs and hierarchical cluster-
ing to analyze data from natural hazard phenomena.
We collected data from the website

http://www.emdat.be, concerning victims
of storms. We consider the period from 1900 till 2013
and study the distribution of the events with more than
30 deadly victims.
Figure 1 represents the normalized rank/frequency

log-log plot of the variable ”Number of deadly victims
in USA in the period [1900,2013]”. To construct the
plot, we first sort the number of victims in descending
order, and number them, consecutively, starting from
one [12]. Then a normalization of the values is carried
out, meaning that, the numbers of victims (x-axis) are
divided by the corresponding highest value, and the
ranks (y-axis) are divided by the rank of the smallest
number of victims. Finally, a PL is adjusted to the data
using a least squares algorithm. It is observed a PL
behavior with parameters (C̃, α̃) = (0.0059,0.975).
We repeat the study presented in Figure 1 to the 11

countries listed in Table 1 that shows the corresponding
parameters (C̃, α̃).
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Figure 1: Rank/frequency log-log plot for the number of
deadly victims occurred in storms in the USA in the period
[1900,2013].

Figure 2 shows the locus of the PLs parameters (C̃, α̃)
for the 11 countries in Table 1.
Similarities between countries, in terms of victims

caused by storms, are determined using agglomerative
hierarchical clustering analysis. Firstly, the Euclidean
distance, s, between each pair of (C̃, α̃) points is com-
puted as:

Table 1: Parameter values of a PL distribution for casualties
of storms in 11 countries.

C̃ α̃ min max Events
USA (US) 0.0059 0.975 6000 31 151
Philippines (PH) 0.0117 0.874 5956 31 153
India (IN) 0.0124 0.6 60000 31 97
Vietnam (VN) 0.024 0.747 7000 42 39
Taiwan (TW) 0.0669 0.751 1046 31 27
Mexico (MX) 0.0909 0.789 960 34 21
Madagascar (MG) 0.0553 1.319 363 32 23
Bangladesh (BD) 0.0252 0.498 61000 31 79
China (CN) 0.0043 0.741 50000 31 92
Japan (JP) 0.0389 0.648 5098 32 68
Korea (KR) 0.0507 0.897 1104 32 23

s=
√
(C̃1− α̃1)2+(C̃2− α̃2)2 (2)

producing a 11× 11 symmetrical matrix. In a second
step, based on that metric, the single linkage criterion
is used to create the hierarchical cluster tree and, for a
given threshold value measured by the Euclidean dis-
tance, the cluster tree is pruned and the clusters created.
Figure 3 shows the cluster tree (dendrogram). Prun-

ing the tree in order to take four clusters we obtain a first
region comprising the USA, Philippines and Korea. The
second region consists of India, Japan, Vietnam, China,
Taiwan and Mexico. Bangladesh and Madagascar ap-
pear isolated from every other country. This means that
clusters are essentially dictated by parameter α̃ . The
single country clusters correspond to the extreme values
of that parameter.
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Figure 2: Locus of the PLs parameters (C̃, α̃) for the 11
countries in Table 1.

To complement the analysis a second metric, d, de-
fined as:

d = |α̃1− α̃2|+ |log(C̃1/C̃2)| (3)

is considered, based on the parameters (C̃, α̃), and hi-
erarchical clustering analysis is again applied based on
that metric.
Figure 4 shows the hierarchical tree for the 11

countries. It can be seen that, pruning the dendrogram
in order to take four clusters, the United States and
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Figure 3: Dendrogram corresponding to agglomerative hier-
archical clustering based on Euclidean distance metric, s.

China are included in a cluster. This means the cor-
responding storm events are similar with respect to
fatalities. Philippines and India form another cluster,
in this case justifiable by the geographic proximity and
similar urbanism. The third cluster comprises Vietnam,
Bangladesh, Japan, Taiwan, Mexico and Korea. The
geographic proximity may again justify the similarities
between these countries, except Mexico, that is more
awkward. Finally, Madagascar appears apart from the
rest.

It is observed that the PL analyses and the agglomer-
ative hierarchical clustering provide comparable results
for the data. Nevertheless, more work is needed in order
to explore these numerical tools and more data has to be
analysed.

IV – Conclusion In this paper we focus on the

patterns seen in the number of victims from natural
catastrophic phenomena. We considered the number of
victims of storms from 1900 to 2013 in 11 countries and
we studied the distribution of the events with more than
30 deadly victims. The similarities among events across
the 11 countrieswere also analysed using agglomerative
hierarchical clustering. It is observed that, pruning the
hierarchical cluster tree in order to take five clusters, the
USA, China, Philippines and India, are included in one
cluster. This means that these countries are similar with
respect to fatalities. The other 7 countries are divided in
the remaining 4 clusters. Geographic proximities seem
to explain the obtained cluster division. Power laws
and hierarchical clustering provide comparable results
for the data. Future work is needed in order to explore
these numerical tools in more countries and in victims
of other hazards.
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Figure 4: Dendrogram corresponding to agglomerative hier-
archical clustering based on metric d.
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