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Abstract The frequency of intense natural disasters (defined here as events triggered by
hazards of nature and causing at least 100 deaths or affecting the survival needs of at least
1,000 people) has been on the rise over the past 40 years. This is especially true for Asia and
the Pacific, where such disasters have long been relatively frequent. A crucial question is the
extent to which the frequency of such disasters is related to increases in the number of people
exposed to hazards, changes in people’s vulnerability to hazards, and temperature and precip-
itation anomalies. This paper addresses this question with an econometric analysis of disaster
risk determination for countries of Asia and the Pacific during 1971–2010. The objective is to
determine the role (if any) of greater likelihood of climate-related natural hazards, alongside
changes in exposure of people to the hazards and their greater vulnerability, in explaining the
annual frequency of climate-related disasters. Results indicate that hydrometeorological disas-
ters are strongly associated with rising population exposure as well as precipitation anomalies,
while climatological disasters are strongly associated with changing temperatures. Taken
together with the evidence from literature that it is “very likely” that the rising incidence of
greenhouse gas emissions in the atmosphere is altering the climate system, the findings suggest
a connection between the frequency of intense natural disasters observed in the region and
man-made climate change.
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1 Introduction

The frequency of intense natural disasters (defined here as events triggered by hazards of
nature and causing at least 100 deaths or affecting the survival needs of at least 1,000 people)1

increased notably from the 1970s to the 2000s. Intense hydrometeorological disasters (related
to floods and storms), and climatological disasters (related to droughts and heat waves) to a
lesser extent, accounted for most of the worldwide increase in natural disasters (Fig. 1).
Around half of these occurred in Asia and the Pacific (“Asia-Pacific” from here on); nearly
three-fourths of these were intense hydro-meteorological disasters.

While improved reporting is sometimes credited with some of such rising frequencies, our
focus on intense events (which are less likely to be under-reported in the past) reduces that
possibility (Peduzzi et al. 2009; Thomas et al. 2013). Furthermore, while we note a sizable
increase in the frequency of intense climate-related2 disasters, the frequency of intense
geophysical disasters (related to earthquakes and volcanoes) has only slightly increased.

Figure 2 sets out three linkages involving climate-related disasters. First, greenhouse gas
(GHG) emissions alter atmospheric GHG concentrations and thus affect climate variables,
specifically temperature and precipitation (IPCC 2007). Second, changes in the climate
variables affect the frequency of climate-related hazards (IPCC 2012). Third, the frequency
of climate-related hazards affects the risk of natural disasters (IPCC 2012; Stott et al. 2012).
We define disaster risk as the likelihood of losses (deaths, injuries, destruction and damage to
property, and others) that a hazard might cause. Disaster risk is influenced by three elements:
(i) the hazard itself; (ii) the population exposed to the hazard (exposure); and (iii) the
community’s ability to withstand its impact (vulnerability) (Peduzzi et al. 2009; Thomas
et al. 2013). Population exposure and vulnerability together can turn a specific natural hazard
into a disaster.

There is a great deal of research on the science of climate change (IPCC 2013; IPCC 2012;
Hansen and Sato 2012; Huber and Knutti 2012; Knutson et al. 2010; and Trenberth 2011), as
well as a growing and somewhat controversial literature on natural disasters and climate
change (IPCC 2012 and 2013; Mendelsohn et al. 2012; Bouwer 2011; Kunkel et al. 2013;
Pielke et al. 2008; Li et al. 2013; Hallegatte 2012; Coumou and Rahmsdorf 2012).3 Different
studies bring out the link between GHG emissions and climate change as well as climate
related hazards. Some of the literature, on the other hand, suggests that anthropogenic climate
change does not have an impact on the losses from natural disasters. This paper contributes to
the literature through an econometric analysis, a set of statistical methods commonly used in
analyzing socioeconomic variables to test a hypothesis. This allows us to examine the
importance of three principal factors, exposure, vulnerability and climate change, taken
together, in the rising threat of natural disasters in Asia-Pacific.

Kellenberg and Mobarak (2008) and Kahn (2005) examined the role of exposure and
vulnerability as determinants of the frequency of death toll from natural disasters, employing
negative binomial regressions over annual country observations (panel data) worldwide for the

1 Reported events causing at least 10 deaths, affecting at least 100 people, or prompting a declaration of a state of
emergency or a call for international assistance are recorded in the International Disaster Database (EM-DAT). Of
these recorded disasters, this paper considers intense events, defined here as those causing at least 100 deaths or
affecting the survival needs of at least 1,000 people.
2 Most climate-related disasters are rapid onset disasters (e.g. disasters related to cyclones, hurricanes and
typhoons). In the case of floods, while some arrive very fast, others arrive within specific season or with a few
days warning and are slow onset. Droughts are relatively slow onset disasters that can occur over a long period of
time.
3 For a more detailed discussion of related literature, see Thomas et al. (2013).
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periods 1975–2002 and 1980–2002. Other econometric analyses (Rentschler 2013; Bakkensen
2013; Noy 2009; Skidmore and Toya 2002) considered the determinants of disaster cost. Our
study builds on existing econometric models that analyze hypothesized contributors to a
phenomenon, in this case, natural disasters. As in many of these models, it assesses the
significance of the key factors contributing to the frequency of intense natural disasters over
time and across countries. One main difference from previous work is our use of climate
anomalies as independent variables, in addition to exposure and vulnerability. We employ the
frequency of intense natural disasters as the dependent variable because it is less likely to have
a measurement bias compared to the alternative of using value of losses or damages due to
disasters.

2 Methods and Data

It is very difficult to establish causal relations among the variables in our analysis. But
following Kellenberg and Mobarak (2008) and Kahn (2005), we use econometrics to test
the association between the frequencies of intense disasters due to floods and storms, as well as
those due to droughts and heat waves, and the three identified factors of disaster risk.

The dependent variables in the analysis are the annual frequencies of hydromete-
orological4 (Hit) and climatological5 disasters (Cit) that killed 100 or more people or
affected 1,000 or more in country i in year t. Data for these variables are obtained
from EM-DAT (2011).6 Other research defines disaster risk as the probable level of
damages in US dollars, based on historical data. However, measuring the impact of
natural disaster in monetary terms is constrained by the lack of standards for compa-
rable estimation across countries.

As both dependent variables are count variables, two econometric count models are
used. The Poisson model, which assumes that the count dependent variable has a

4 EM-DAT defines hydrological disasters as “events which are caused by deviations in the normal water cycle
and/or overflow of bodies of water caused by wind set-up,” and meteorological disasters are those “caused by
short-lived/small to mesoscale atmospheric processes (in the spectrum from minutes to days).”
5 Climatological disasters in EM-DAT refer to “events caused by longlived/meso- to macro-scale processes.”
6 A summary of the descriptive statistics for the variables used in the regressions is provided in Appendix
Table 5.

Fig. 1 Global frequency of intense natural disasters by type (1971–2012)
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Poisson distribution, is employed for climatological disasters because it satisfies the
necessary equidispersion assumption (i.e., the mean of the frequency of climatological
disasters is equal to its variance). Meanwhile the negative binomial regression model7

(Allison and Waterman 2002) is employed for hydrometeorological disasters as like-
lihood ratio tests indicate over-dispersion (i.e., the variance of the frequency of
hydrometeorological disasters is greater than its mean). Specifically, we estimate the
following regression equations using annual observations for each of the 53 Asia-
Pacific countries8 (panel data) over 1971–2010, both with country fixed and random
effects.9 The term "panel data" refers to observations of the same entities such as
people, firms or countries over different points in time. Regression equations based on
such data, or panel regressions, allow for the estimation of a relationship between
dependent and independent variables while controlling for time-invariant country
specific factors and/or variables that change over time but not across countries.10

E Hit

���Uit;V it;Wit;X it

h i
¼ exp β0 þ β1Uit þ β2V it þ β3Wit þ β4X itð Þexp εitð Þ: ð1Þ

E Cit

���Uit;V it;Wit;X it; Zit

h i
¼ exp β0 þ β1Uit þ β2V it þ β3Wit þ β4X it þ β5Zitð Þ ð2Þ

7 The negative binomial regression model is an econometric model for count variables with over-dispersion. It is
derived from the Poisson model by adding an independently distributed error term (ε). It allows the mean to differ
from the variance of the count variable such that variability of Y is assumed to be equal to the mean: Var Y jXð Þ
¼ E Y jXð Þ 1þ αE Y jXð Þ½ � where E Y jXð Þ ¼ expðβ0 þ β1 X 1 þ β2X 2 þ⋯þ βkX kÞ and α is a measure of
dispersion. When α is not significantly greater from zero (i.e., no overdispersion), the negative binomial model
reduces to the Poisson model. The negative binomial regression model is more efficient when α is significantly
different from zero (i.e., the count outcome data are over dispersed).
8 See Appendix Table 6 for a list of countries in our sample.
9 In panel data analysis, while the random effects model assumes that individual (e.g. country) specific factors are
uncorrelated with the independent variables, the fixed effects model recognizes that the individual specific factors
are correlated with the independent variables.
10 See Baltagi (2008)

Fig. 2 Greenhouse gases, climate, and disaster risk
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Population exposure (Uit ) is measured here by the logarithm of population density (people
per square kilometer) in the country, as a proxy for the actual population exposed to a hazard
(Birkmann 2007; Taubenböck et al. 2008). We use national-level data for all variables given
their availability for all (socio-economic and climatic) variables, and given the advantages of
consistency across all variables. We recognize that the use of national-level data can hide intra-
country information, for example, on the distribution of the population within the country such
as the rise or presence of densely populated coastal areas. Further research could seek to collect
and analyze data on relevant variables at an intra-country level.

The regression also includes total population per country X itð Þ as a control variable to
reflect the possibility that the frequency of natural disasters surpassing the intense reporting
threshold would be higher when the overall population increases.

Socioeconomic vulnerability (V it ), or the population’s capability to cope with a hazard, is
represented here by the natural logarithm of real income per capita. Vulnerability, a multi-
dimensional concept,11 is a function of wealth and other demographic and socioeconomic
factors (Füssel and Klein 2006). In this paper, we focus on socioeconomic vulnerability which
is often proxied by income levels. Previous research has shown vulnerability to be positively
associated with disaster risk (Kahn 2005; Noy 2009; Toya and Skidmore 2007). The square of
the natural logarithm of real income per capita is included to capture a hypothesized nonlinear,
inverted-U relationship between natural disasters and average income which is posited to
emerge as the result of two different effects (Kahn 2005; Kellenberg and Mobarak 2008). First,
as income increases from very low levels, individuals may rationally choose to take advantage
of new economic opportunities that involve bearing more disaster risk. However, as income
grows further and the marginal utility of further consumption falls, the risk-return trade-off
moves to favor reduction of disaster risk.

For the water-related and temperature-related climate hazards, we employ annual data on
average precipitation anomaly (Wit ) and average surface temperature anomaly (Zit ). These
are based on quality-controlled monthly data from the Global Precipitation Climatology Center
(GPCC 2011) and the Met Office Hadley Centre and the Climate Research Unit12 (CRU) at the
University of East Anglia (Morice et al. 2012).13 Both the GPCC’s precipitation anomaly and
CRU’s temperature anomaly are computed as departures from the average for its 30-year base
climatology period—1961–1990 (the period with the best data coverage).14 Climate anomalies
more accurately describe how climate varies over larger areas, as well as how it trends over

11 Aside from economic, social, cultural, environmental, and psychological dimensions, some studies also
consider physical and ecological dimensions of vulnerability (e.g. McDowell et al. 2013; Hutanuwatr 2012;
Hinkel 2011; Luers 2005). Here, these are captured by the exposure variable in this paper. While the various
dimensions of vulnerability can be contextual, there are also common elements across time, space, and scale (see
Kelly and Adger 2000, Turner II et al. 2003, Thomalla et al. 2006, Füssel and Klein 2006, Smith and Wandel
2006, O’Brien et al. 2007, and Internal Disaster Monitoring Centre 2009). For a detailed literature on social
vulnerability, see Cutter et al. (2009).
12 CRU’s HADCRUT3 temperature anomaly dataset is available on a spatial resolution of 2.5°×2.5° (latitude by
longitude) grid across land and ocean surfaces.
13 Based on quality-controlled data from 67,200 stations world-wide, GPCC’s full precipitation dataset is
available on a high spatial resolution (latitude by longitude: 2.5°×2.5° global grid). Other longitudinal global
precipitation datasets are based on data from less number of stations and available on a lower spatial resolution
only. For instance, the Global Historical Climatology Network (GHCN) precipitation dataset which has recent
global data up to 2012 is based only on 20,590 stations worldwide and is available on a 5°×5°resolution only.
14 Different climate anomaly datasets use different base climatology periods. For instance, GHCN uses 1971–
2000 as its base climatology period for its precipitation anomaly datasets. It is important to note that overall,
adjustment of data to different reference periods does not change the shape of climate anomaly time-series or
affect the trends within it.

Climatic Change (2014) 126:381–398 385



time, and allow more meaningful comparisons between locations (with varying elevations)
than absolute climate indicators.

Average climate anomaly by country and year are computed as mean anomalies of all grid
squares lying within a bounding box containing the country defined by the maximum and
minimum latitude and longitude.15 Grid level climate anomaly data are available from the
Food and Agriculture Office of the United Nations.

In representing climate as an independent variable, equation (1) relies on precipitation
anomaly, which is, in turn, influenced by the temperature anomaly. Equation (2) includes
temperature anomaly as an additional independent variable reflecting the observation that
temperature is more directly related to climatological disasters than hydrometeorological
disasters.

We also consider whether the climate anomaly coefficients vary over five subregions of
Asia-Pacific, specifically Southeast Asia, East Asia, South Asia, Central Asia and the Pacific
(see Fig. 3).16 We consider this because precipitation is even more spatially variable than
temperature (Rudolf et al. 2010). According to the 2012 Intergovernmental Panel on Climate
Change (IPCC) Report “it was likely that there had been increases in the frequency of heavy
precipitation events (e.g., 95th percentile) over the second half of the 20th century within many
land regions… There is low to medium confidence in trends in heavy precipitation in Asia…
However, statistically significant positive and negative trends were observed at subregional
scales within these regions…”

This paper uses an unconditional fixed effects negative binomial panel regression model
(all parameters estimated) rather than a conditional fixed effects panel regression model (or
conditional on the value of a sufficient statistic for one or more parameters). The latter would
not be a true fixed effects model, because it does not control for unchanging covariates or the
variables that are possibly predictive of the outcome under study (Allison and Waterman
2002).

Since changes in climate typically persist for decades or longer (IPCC 2012), we also look
at disaster frequencies on a decadal basis. To capture the effect of the frequency of climate
anomalies, we estimate equations (1) and (2) using decadal observations for each Asia-Pacific
country in the sample over four decades: 1971–1980, 1981–1990, 1991–2000, 2001–2010.
We also consider the number of years with positive average precipitation (temperature)
anomaly as an additional explanatory variable.

The panel regressions employed here have limitations. The panel data used in the regres-
sions are somewhat unbalanced, because data for climate and vulnerability indicators are not
available for some years in some countries for the period under study (see Appendix Table 6
for number of sample observations and period by country). Also, population exposure and
vulnerability may not be fully exogenous. If the regressors are not strongly exogenous, then
the coefficient estimates will be inconsistent and thus cannot be relied upon to compute
marginal effects. Nonetheless, while the frequency of disasters may affect the population
exposed to disasters and their income, its direct effect on the exposure and vulnerability
indicators in this paper is expected to be limited.

The period covered in the analysis was limited by the availability of quality-controlled
global precipitation data.17 The choice of variables used in the model is constrained by data

15 The average climate anomaly in country i and year t is computed as follows: Xit = ∑
m

∑
max j;kð Þ

min j;kð Þ
xim= # of gridsð Þ

where xim is the average climate anomaly for country i and month m, (j,k) represents (j x k) spatial grid.
16 This is implemented empirically by the use of an interaction variable, which is the product of average climate
anomaly and a dummy variable that takes a value 1 if the country belongs to a subregion and 0 otherwise.
17 GPCC’s full precipitation dataset is updated up to 2010 only. Other alternative longitudinal global precipitation
datasets are based on data from fewer stations and available on a lower spatial resolution only.
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availability. For example, variables such as land use (Brath et al. 2006), the actual number of
people living in the hazard-prone areas, and the share of these figures to the total population
would have been of keen interest. However, these data are neither regularly generated nor
readily available. Furthermore, our analysis is based on the annual picture because data for
some of the control variables, such as population density and population, are only available
annually.

3 Results

Table 1 shows the results of our negative binomial model with random (columns 1 and 2) and
country-fixed effects (columns 3 and 4), unpacking the drivers of disasters due to floods and
storms in Asia-Pacific in the past four decades, using annual country-level data. Results of
generalized Hausman specification tests (Hausman and Taylor 1981), as well as the strongly
significant estimates for most country indicator variables, support the use of country fixed-
effects (equation 1; also see results in columns 3 and 4 in Table 1), instead of random effects
(equation 2; columns 1 and 2 in Table 1). These results confirm that country-specific factors—
possibly ones such as governance effectiveness and quality of institutions (Tol and Yohe 2007;
Brooks et al. 2005; Barr et al. 2010)—may contribute to the frequency of intense climate-
related disasters in Asia-Pacific. Their effect might also be viewed as interaction effects of
exposure and vulnerability.

We find a statistically significant relation between the annual frequency of these disasters and two
of the three drivers—population exposure and climate hazards. The relationship between their
annual frequencies and the vulnerability variable in this model does not show statistical significance.

Exposure, proxied by population density, is a strong significant driver, both statistically and
economically. Specifically, a 1% increase in the number of people per square kilometer is associated
with a 1.2 % increase in the average annual frequency of intense hydrometeorological disasters in a
country (see columns 3 and 4 in Table 1). All else equal, countries that are more densely populated
are significantly more likely to suffer an intense disaster when a storm or flood hits.

When vulnerability is represented by average income level, the coefficients on the level and
square of income suggest first a positive association between income and annual frequency of

Fig. 3 Map of Asia and the Pacific and its subregions
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the disaster at lower levels of income and then a negative association at higher levels, but they
are not statistically significant. When vulnerability is represented by a poverty indicator, (see
Thomas et al. 2013), the coefficient estimates are not robust to changes in sample time periods
(such as 1980–2010 or 1990–2010), or to the use of different threshold levels for poverty head
count ratio (such as 25 % or 35 %).

Average precipitation anomaly is a consistently significant factor in explaining the annual
frequency of intense climate disasters. Holding other variables constant, a unit increase in the
annual average precipitation anomaly from the 30-year average baseline rainfall (1960–1990)
is associated with around a 0.6 % increase in the annual frequency of disasters due to floods
and storms. Temperature anomaly might also be considered a potential climate hazard variable

Table 1 Intense hydrometeorological disasters in Asia and the Pacific

Dependent variable: Intense hydrometeorological disasters (1971–2010)

Explanatory variables Random effects Country-fixed effects

(1) (2) (3) (4)

Exposure

Ln(population density) 0.2366 0.2409 1.1928*** 1.2429***

[0.148] [0.149] [0.255] [0.258]

Vulnerability

Ln(GDP per capita, constant 2000 $) 0.9213 0.9525 1.9222 1.9601

[1.460] [1.462] [1.242] [1.242]

Square of Ln(GDP per capita, constant 2000 $) −0.0758 −0.0776 −0.1101 −0.1121
[0.100] [0.100] [0.086] [0.086]

Climate hazard

Average precipitation deviation 0.0111*** 0.0114*** 0.0062*** 0.0037***

[0.002] [0.002] [0.002] [0.001]

Average precipitation deviation x East Asia −0.0086** 0.0074***

[0.004] [0.002]

Average precipitation deviation x South Asia 0.0054 0.0127***

[0.004] [0.002]

Average precipitation deviation x Central Asia 0.0497*** 0.0995***

[0.016] [0.026]

Average precipitation deviation x Pacific −0.0021 −0.0014
[0.005] [0.005]

Population (in million) 0.0023*** 0.0023*** −0.0002 −0.0003
[0.001] [0.001] [0.001] [0.001]

Observations 1,685 1,685 1,685 1,685

Number of economies 53 53 53 53

Pseudo R-squared 0.099 0.100 0.369 0.372

Alpha 1.631 1.622 0.049 0.046

LR test of alpha=0 (Chi-bar, χ) 691.9 679.7 9.032 8.180

*** significant at 1 %. Figures are negative binomial panel regression results. An intercept term and country
dummies are included but not reported here. The coefficient of ‘Average Precipitation Deviation‘ in specifications
(2) and (4) represents the coefficient for Southeast Asia― the reference subregion (omitted dummy). Robust
country-cluster z statistics in brackets
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with regard to meteorological disasters. Reflective of observations in IPCC (2012),18 however,
we find a relationship between average temperature anomaly and the frequency of intense
meteorological disasters that is very sensitive to model specification—random effects and
country-fixed effects. The relationship between average precipitation anomaly and frequency
of hydrometeorological disasters (as well as hydrological ones) remains positive and signifi-
cant with and without the inclusion of the average temperature anomaly variable. It also
remains positive and strongly significant when climate subregion interaction terms are used
(columns 2 and 4 in Table 1).

The coefficient for average precipitation anomaly varies across subregions. For example, results
in column 4 suggest that a unit increase in the annual average precipitation anomaly is associated
with a 0.4 % average increase in frequency of disasters due to floods and storms in Southeast Asia;
1.1% in East Asia (i.e., the sumof 0.0037 and 0.0074); 1.6% in SouthAsia; 10.3% inCentral Asia;
and 0.2% in the Pacific.19 Except for the Pacific, all the coefficient estimates for the interaction terms
are significantly different from zero.

The coefficient estimate for average precipitation anomaly remains positive and strongly
significant when a time trend variable is included to control for other factors that affect the
frequency of intense disasters and that are not directly observable but are highly correlated
with time (e.g., location of population). The coefficient of the time trend variable is significant
and positive across specifications (not shown).

Table 2 illustrates what this might mean for some of the countries in question.
Using the coefficient estimates for average precipitation in the specification with the
highest pseudo R-squared (column 4 in Table 1), we estimate the increase in the
frequency of these disasters from the 2001–2010 levels for Indonesia, the Philippines,
and Thailand under three scenarios. We use the observed increase in average precip-
itation anomaly from 1991–2000 to 2001–2010 (8.33 mm [mm] per month) among
countries in Southeast Asia, including Brunei Darussalam, Indonesia, the Lao People’s
Democratic Republic, Malaysia, the Philippines, Singapore, Thailand, and Viet Nam,
for setting the possible increase in the average precipitation anomaly under three
scenarios: Scenario 1 (low increase) represents an increase in the average precipitation
anomaly by 4 mm per month; Scenario 2 (moderate increase) by 8 mm per month;
and Scenario 3 (high increase) by 12 mm per month.

The estimates suggest that, holding other things constant, an increase in average precipi-
tation anomaly by 8 mm per month (moderate scenario), as experienced in Southeast Asia in
the last decade, could be associated with an increase in the average frequency of disasters due
to floods and storms in Indonesia by an average of around 0.18 per year from an average of 6 a
year in 2001–2010. This is equivalent to an additional event in Indonesia every 5–6 years. In
the Philippines the moderate scenario is associated with an increase of around 0.35 disaster a
year, or an additional disaster every 3 years; in Thailand the increase is 0.11 disaster a year, or
an additional disaster every 9 years. If the increase in average precipitation hits 12 mm per
month (high scenario), greater increases in the frequency of these disasters can be expected:
one additional event every 4 years in Indonesia, every 2 years in the Philippines, and every
6 years in Thailand. These assumptions were based on the observed increases in precipitation
anomalies between the last two decades (1991–2000 and 2001–2010). This does not

18 IPCC (2012) finds lower confidence with respect to increases for storms than floods, and a demonstrable link
to climate more tenuous.
19 Note that Central Asia has relatively few intense floods and storms, so a given increase in precipitation
deviation in this otherwise relatively dry subregion implies a large percentage change in disasters, especially in
view of its lack of preparedness.
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necessarily mean that precipitation levels would increase in the future. IPCC 2014 notes that
precipitation trends vary across countries with both increasing and decreasing trends observed
in different parts of Asia.

Table 3 shows a negative relationship between average precipitation anomaly and intense
climatological disasters. It also shows a positive relationship between temperature anomaly
and intense climatological disasters: disasters due to droughts and heat waves tend to
occur when it is unusually dry and hot. IPCC 2012 finds “medium confidence” that
droughts have become more intense and frequent, which together with the rising
trends in precipitation and temperature anomalies, provides the context for the present
findings.

A unit increase in average precipitation anomaly is associated with a 3 % reduction
in the annual frequency of disasters due to droughts and heat waves, while a unit
increase in temperature anomaly is associated with a 72 % increase in the annual
frequency of disasters due to droughts and heat waves (see column 3 in Table 3). The
coefficients of these two climate variables are significant with both random and
country fixed-effects. However, the coefficients for the climate variables are not
statistically significant when including climate subregion interaction terms. Except
for Central Asia and the Pacific, there is no significant variation in the effect of
average precipitation anomaly on climatological disasters across subregions. The
coefficients of exposure and vulnerability variables also are not significant.

Table 4 confirms that population exposure and vulnerability, as well as of the
frequency of climate anomalies, are significant in explaining decadal changes in the
average annual frequency of intense disasters due to floods and storms. Specifically,
changes in average annual income per capita are significant in explaining decadal
changes in the average annual frequency of these disasters. Both the average precipita-
tion anomaly and the number of years that the average precipitation anomaly was
positive are significant. Similarly, average temperature anomaly and the frequency of
positive temperature anomaly are both significant for explaining decadal increases in the
annual average frequency of intense climatological disasters but not population density
nor income. While Hausman specification tests justify the use of country-fixed effects,
since the number of decadal observations per country is at most only four, we rely in this
case on the results with random effects.

Table 2 Increase in intense hydrometeorological disasters associated with an increase in precipitation deviation

Country Annual frequency of
hydro-meteorological di-
sasters (2001–2010)

Precipitation deviation
(millimeters per
month, 2001–2010)

Scenario 1:
Low increase
(dW=4)

Scenario 2:
Moderate
increase (dW=
8)

Scenario 3:
High increase
(dW=12)

Increase in the annual frequency of intense
hydrometeorological disasters associated with
an increase in precipitation deviation ðdH ¼
β3 � dW Ho )

Indonesia 6.00 9.92 0.09 0.18 0.27

Philippines 11.80 10.84 0.18 0.35 0.53

Thailand 3.60 1.14 0.05 0.11 0.16

Estimates are computed using the estimated coefficient of ‘Average precipitation deviation’ for the reference
subregion (Southeast Asia) in Table 1 column (4), that is, β3 = 0.0037
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This econometric analysis gives us a basis to explore further the role of the climate
variables, in addition to socioeconomic variables in assessing disaster trends. The association
between precipitation anomaly and disasters related to floods and storms features with a high
degree of statistical significance.

Table 3 Intense climatological disasters in Asia and the Pacific

Dependent variable: Frequency of intense climatological disasters (1971–2010)

Explanatory variables Random effects Country-fixed effects

(1) (2) (3) (4)

Exposure

Ln(population density) −0.0263 −0.0901 1.1802 1.4895

[0.222] [0.212] [0.861] [1.128]

Vulnerability

Ln(GDP per capita, constant 2000 $) −1.1159 −1.3585 0.0223 −0.4207
[1.322] [1.347] [1.890] [2.430]

Square of Ln(GDP per capita, constant 2000 $) 0.0599 0.0780 0.0138 0.0440

[0.095] [0.095] [0.126] [0.167]

Climate hazard

Average precipitation deviation −0.0163*** −0.0146 −0.0267*** −0.0157*
[0.006] [0.013] [0.009] [0.009]

Average precipitation deviation x East Asia 0.0080 0.0052

[0.017] [0.020]

Average precipitation deviation x South Asia −0.0208 −0.0131
[0.024] [0.021]

Average precipitation deviation x Central Asia −0.0562* −0.1804*
[0.033] [0.094]

Average precipitation deviation x Pacific 0.0033 −0.0348*
[0.018] [0.020]

Average temperature anomalies 0.5505*** 1.2078*** 0.7241** 0.1850

[0.204] [0.459] [0.313] [0.608]

Average temperature anomalies x East Asia −0.6663 0.6453

[0.610] [0.717]

Average temperature anomalies x South Asia 0.0303 0.3148

[0.521] [0.547]

Average temperature anomalies x Central Asia −1.2266** 1.0074

[0.501] [0.624]

Average temperature anomalies x Pacific −0.7344 −0.7539
[0.736] [1.405]

Population (million) 0.0022*** 0.0022*** −0.0010 −0.0010
[0.000] [0.000] [0.001] [0.001]

Observations 1,685 1,685 1,685 1,685

Pseudo R-squared 0.1760 0.1940 0.340 0.351

* significant at 10 %; ** significant at 5 %; *** significant at 1 %. Figures are Poisson panel regression results.
An intercept term and country dummies are included, but not reported here. The coefficient of average
precipitation in specifications (2) and (4) represents the coefficient for Southeast Asia― the reference subregion
(omitted dummy). Robust country-cluster z statistics in brackets
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Climatic data are annualized to have a common frequency and hence balance across
variables: all other variables used in our regression analysis, such as the number of disasters,
GDP, population are available annually. We use climate anomalies rather than absolute climate
values since the former would seem to allow for more meaningful comparisons across
countries. For example, even if two countries have the same temperature in a month it is
possible that for one country it is greater than the long term average and the opposite for the
other. The IPCC also principally uses annual mean anomalies in their presentations. Alterna-
tive measures such as extremes of precipitation and temperature anomalies in a year may
present some problems. For example, extreme precipitation anomaly in a dry season may not
result in flooding. Aggregation of anomalies to the annual and country level, however, could
smoothen some of the seasonal and geographical fluctuations. Further research on more
granular temporal periods and spatial scales would be of interest conditional upon the
necessary data being available.

Table 4 Intense hydrometeorological and climatological disasters in Asia and the Pacific

Dependent variable: Frequency of intense hydrometeorological/climatological disasters, by decade (1971–2010)

Explanatory variables (1) (2) (3) (4)

Hydrometeorological Climatological

Exposure

Ln(population density) 0.1781* 0.2183** −0.0060 −0.0076
[0.096] [0.108] [0.013] [0.013]

Vulnerability

Ln(GDP per capita, constant 2000 $) 5.6830*** 5.5177*** −0.0293 −0.0321
[2.134] [2.091] [0.135] [0.137]

Square of Ln(GDP per capita, constant 2000 $) −0.3530*** −0.3422*** 0.0015 0.0016

[0.131] [0.128] [0.009] [0.009]

Climate

Average precipitation deviation 0.0480** −0.0005
[0.024] [0.002]

Average temperature anomalies 0.0718*

[0.039]

No. of years per decade that average precipitation deviation
exceeds 1961–1990 average

0.1280* 0.0028

[0.069] [0.009]

No. of years per decade with average temperature deviation
exceeds 1961–1990 average

0.0121***

[0.005]

Population (in million) 0.0091*** 0.0090*** 0.0008*** 0.0008***

[0.002] [0.002] [0.000] [0.000]

Observations 156 156 156 156

R-squared 0.5288 0.5297 0.5111 0.5137

No. of countries 52 52 52 52

* significant at 10 %; ** significant at 5 %; *** significant at 1 %. Figures are results of negative binomial panel
regression with random effects. An intercept term is included but not reported here. Robust statistics in brackets.
Only 52economies with complete observations by decade were included in this decadal analysis. The Occupied
Palestinian Territory was excluded in the analysis since it has incomplete observations across the 4 decades in
1971–2010
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It would also be useful to test our model using alternative exposure, vulnerability and
climate variables, as well as continue extending the data series as far as possible. The work can
also be extended to include other regions of world.

4 Discussion

The main purpose of this study is to discuss the major factors associated with the frequency of
climate-related disasters observed in Asia-Pacific over recent decades. Taken together, the
results of the econometric analysis suggest that three principal factors—rising population
exposure, population vulnerability, and climate anomalies —play a part, even if notably
differentiated amongst them and across subregions. While climatological disasters are strongly

Table 5 Descriptive statistics (1971–2010)

Variable Obs. Mean Std.
Dev.

Min. Max.

Frequency of intense hydrometeorological disasters 1,685 1.11 2.48 0.00 25.00

Frequency of intense climatological disasters 1,685 0.11 0.42 0.00 6.00

Population density (people per square km) 1,685 622.62 2,171.06 1.12 19,416.29

Population (million) 1,685 71.44 217.56 0.05 1,337.83

GDP per capita (constant 2000 $) 1,685 6,579.37 9,707.36 122.09 61,374.75

Average precipitation deviation (mm/month) Wt
i ¼ ∑n

1 pts−ps
� �

=n : where ps
t represents the average precipitation in station

s in year t ps is the average precipitation for 1960–1990, and
n is the total number of stations in country i

1,685 −0.77 14.88 −95.44 74.88

East Asia 1,685 0.09 5.67 −39.44 46.96

South Asia 1,685 −0.04 3.85 −29.48 26.23

Southeast Asia 1,685 0.18 8.88 −55.78 60.65

Central Asia 1,685 −0.13 2.55 −14.05 12.96

Pacific 1,685 −0.86 9.43 −95.44 74.88

Average temperature anomaliesWt
i ¼ ∑n

1 ats−as
� �

=n : where as
t

represents the average temperature in station s in year t, as is
the average temperature for 1960–1990, and n is the total
number of stations in country i

1,685 0.32 0.50 −1.42 2.41

East Asia 1,685 0.04 0.22 −1.02 2.41

South Asia 1,685 0.05 0.23 −1.17 1.74

Southeast Asia 1,685 0.04 0.16 −0.50 1.14

Central Asia 1,685 0.16 0.43 −1.42 2.22

Pacific 1,685 0.03 0.12 −0.60 1.19

GDP=gross domestic product, Max. = maximum value, Min. = minimum value, Obs. = number of observations,
PPP=purchasing power parity, Std. Dev.=standard deviation

Sources: Data on number of intense climate-related disasters based on natural disaster observations reported on
Emergency Event Database (EM-DAT) Centre for Research on the Epidemiology of Disasters accessed 6
December 2011 (http://www.emdat.be); Population, Population Density, and GDP per capita are from the
World Bank’s World Development Indicators Online accessed 14 January 2012 (http://databank.worldbank.
org); Average Precipitation Deviation is from Global Precipitation Climatology Center (GPCC 2011) accessed 28
December 2011 (http://www.gpcc.dwd.de); Average Temperature Anomalies is from Met Office Hadley Centre
and the Climate Research Unit at the University of East Anglia accessed 28 December 2011 (http://www.cru.uea.
ac.uk/cru/data/temperature)
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associated with changing temperature, hydrometeorological disasters are most clearly associ-
ated with rising exposure of people as well as precipitation anomalies.

Results from this study suggest that precipitation and temperature anomalies are
empirically relevant in explaining the threats from hazards of nature. Many policy
makers are aware that atmospheric concentrations of CO2, the primary anthropogenic
GHG, have recently surpassed 400 ppm and are set to exceed 450 ppm in less than a
quarter of a century, given current increases of over 2 ppm a year. IPCC’s 5th
Assessment Report affirms the human influence in the warming of the climate system,
mostly through the increase in the atmospheric concentration of CO2, while this
paper’s econometric results suggest an association between climate change and greater
frequency of intense disasters due to floods, storms, droughts and heat waves. These
two results put together suggest an association between the frequency of intense
climate-related disasters in Asia-Pacific and GHG emissions.

Two sets of policy implications follow. First, reducing exposure of the population and their
vulnerability should feature centrally in policies to confront the growing threat from floods,
storms, droughts and heat waves. Second, climate mitigation should be added as a crucial
dimension in disaster prevention.

To sum up, this study finds that anthropogenic climate change is associated with the
frequency of intense natural disasters in Asia-Pacific countries. A major implication of this
is that, in addition to dealing with exposure and vulnerability, disaster prevention would
benefit from addressing climate change through reducing man made greenhouse gases in the

Table 6 Number of sample observations by economy and subregion*

Economy Number of Observations Period

1971-80 1981-90 1991-2000 2000-10 Total

East Asia

China, People’s Rep. of 10 10 10 10 40 1971–2010

Hong Kong, China 10 10 10 10 40 1971–2010

Japan 10 10 10 10 40 1971–2010

Korea, Rep. of 10 10 10 10 40 1971–2010

Macao, China – 9 10 10 29 1982–2010

Mongolia – 10 10 10 30 1981–2010

South Asia

Bangladesh 10 10 10 10 40 1971–2010

Bhutan 1 10 10 10 31 1980–2010

India 10 10 10 10 40 1971–2010

Iran 10 10 10 9 39 1971–2009

Nepal 10 10 10 10 40 1971–2010

Pakistan 10 10 10 10 40 1971–2010

Sri Lanka 10 10 10 10 40 1971–2010

Southeast Asia

Brunei Darussalam 7 10 10 10 37 1974–2010

Cambodia – – 8 10 18 1993–2010

Indonesia 10 10 10 10 40 1971–2010

Lao PDR – 7 10 10 27 1984–2010
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Table 6 (continued)

Economy Number of Observations Period

1971-80 1981-90 1991-2000 2000-10 Total

Malaysia 10 10 10 10 40 1971–2010

Philippines 10 10 10 10 40 1971–2010

Singapore 10 10 10 10 40 1971–2010

Thailand 10 10 10 10 40 1971–2010

Timor-Leste – – 2 10 12 1999–2010

Viet Nam – 7 10 10 27 1984–2010

Central Asia

Armenia – 1 10 10 21 1990–2010

Azerbaijan – 1 10 10 21 1990–2010

Bahrain 1 10 10 10 31 1980–2010

Cyprus 6 10 10 10 36 1975–2010

Georgia 10 10 10 10 40 1971–2010

Iraq – – 4 10 14 1997–2010

Israel 10 10 10 10 40 1971–2010

Jordan 6 10 10 10 36 1975–2010

Kazakhstan – 1 10 10 21 1990–2010

Kuwait – – 6 10 16 1986–2010

Kyrgyzstan – 5 10 10 25 1986–2010

Lebanon – 3 10 10 23 1988–2010

State of Palestine – – 7 5 12 1994–2005

Oman 10 10 10 10 40 1971–2010

Qatar – – 1 10 11 2000–2010

Saudi Arabia 10 10 10 10 40 1971–2010

Syrian Arab Republic 10 10 10 10 40 1971–2010

Tajikistan – 6 10 10 26 1986–2010

Turkmenistan – 4 10 10 24 1987–2010

United Arab Emirates 6 10 10 10 36 1975–2010

Uzbekistan – 4 10 10 24 1987–2010

Yemen – 1 10 10 21 1990–2010

Pacific

Australia 10 10 10 10 40 1971–2010

Fiji 10 10 10 10 40 1971–2010

Kiribati 10 10 10 10 40 1971–2010

New Caledonia 10 10 10 – 30 1971–2000

New Zealand 4 10 10 10 34 1977–2010

Papua New Guinea 10 10 10 10 40 1971–2010

Solomon Islands – 1 10 10 21 1990–2010

Vanuatu 2 10 10 10 32 1979–2010

*This follows the United Nation’s (UN) geographical subregional groupings since most of the data used (except
for the climate anomalies and frequency of disasters) are from UN agencies. ‘–’denotes missing observations
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atmosphere. Prevention of natural disasters, as compared to response, does not receive
adequate policy attention because these are generally considered one off acts of nature rather
than being influenced by climatic factors caused by human activities. By giving an empirical
basis to the relationship between climate anomalies and frequency of disasters, this study
draws attention to prevention, including climate mitigation.
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