Journal of Development Economics 111 (2014) 92–106

Contents lists available at ScienceDirect

Journal of Development Economics
journal homepage: www.elsevier.com/locate/devec

Naturally negative: The growth effects of natural disasters☆
Gabriel Felbermayr a,b,c,⁎, Jasmin Gröschl a
a
b
c

Ifo Institute – Leibniz Institute for Economic Research at the University of Munich, Poschingerstr. 5, 81679 Munich, Germany
CESifo, Germany
GEP, England

a r t i c l e

i n f o

Article history:
Received 25 October 2013
Received in revised form 7 July 2014
Accepted 8 July 2014
Available online 27 August 2014
JEL classiﬁcation:
O44
Q54
Keywords:
Natural disasters
Income per capita
Openness
Institutions

a b s t r a c t
Growth theory predicts that natural disasters should, on impact, lower GDP per capita. However, the empirical
literature does not offer conclusive evidence. Most existing studies use disaster data drawn from damage records
of insurance companies. We argue that this may lead to estimation bias as damage data and the selection into the
database may correlate with GDP. We build a comprehensive database of disaster events and their intensities
from primary geophysical and meteorological information. In contrast to insurance data, our GeoMet data reveal
a substantial negative and robust average impact effect of disasters on growth. The worst 5% disaster years come
with a growth damage of at least 0.46 percentage points. That average effect is driven mainly by very large earthquakes and some meteorological disasters. Poor countries are more strongly affected by geophysical disasters;
rich more by meteorological events. International openness and democratic institutions reduce the adverse effect
of disasters.
© 2014 Elsevier B.V. All rights reserved.

1. Introduction
How do natural disasters affect economic activity? How does a
country's integration into global ﬁnancial and goods markets, or the
quality of its institutions, shape this effect? In a global environment, in
which climate-related natural disasters are thought to be on the rise
due to global warming, these are important questions. However, using
standard tools of growth empirics, the literature has come up with inconclusive answers that are often enough at odds with the standard
growth theory prediction of a negative impact effect of disasters on
growth and per capita income.
So far, almost all published studies have used information about the
economic or human damage of disasters from the so called EM-DAT database. This collection of natural disasters is mostly based on insurance
claims or news stories, but not on primary geophysical or meteorological data. The literature has raised the possibility that the nature of these
data is responsible for some of the empirical puzzles and that
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comprehensive physical disaster intensity measures would be preferable for causal empirical analysis; see (Noy, 2009) and (Cavallo et al.,
2013).1
The EM-DAT database has proven a very useful tool for the analysis
of direct human or monetary damages caused by natural disasters.
However, for the use in growth regressions, the data suffer from two
main problems. First, since the monetary damage of a given disaster is
higher in a richer economy, disaster intensity measures from EM-DAT
are likely to correlate with GDP per capita, the dependent variable in
growth regressions. Second, if insurance coverage correlates with GDP
per capita (which is quite plausible2) then the probability of inclusion
into the database would correlate with GDP per capita. Both these problems would lead to an upward bias in empirical estimates of disasters on
growth or per capita income.
In the present paper, we compile an alternative database which contains information on the physical strength of all natural disasters –
earthquakes, volcanic eruptions, storms, ﬂoods, droughts, temperature
extremes – that have been recorded by geophysicists or meteorologists
from 1979 to 2010, essentially covering all countries of the world. Since
our data is from primary geophysical or meteorological databases, we

1
It is well known, that the EM-DAT data does not cover all damage caused by natural
disasters; see (UNISDR, 2013) for estimates of total global damage.
2
See, for instance, the information in Tables 120 and 121 in (GDV–Gesamtverband der
Deuschen Versicherungswirtschaft, 2012).
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call it GeoMet data. Information about the exact coordinates of the
events allows us to use geographic information system (GIS) software
in order to map disasters to countries. We show that the likelihood of
some disaster with given physical magnitude being reported in EMDAT depends strongly on the affected country's GDP per capita. This
ﬁnding warns that results based on outcome-based data may suffer
from selection bias.
In a next step we revisit some of the key empirical exercises in the
literature. First, we test for the effect of disasters on growth. We distinguish different types of events, cover different country samples and map
the effect over time. Second, we investigate some of the key mediating
factors such as countries' openness to trade or ﬁnance, or their political
institutions. For this purpose, we use a panel framework, so that we can
control for time-invariant determinants of income such as the deep historical or geographical determinants that are usually thought to have
shaped institutions or openness. Country ﬁxed effects also control for
latitude and longitude of countries, which correlate with the incidence
of disasters and with institutional quality or natural resources. Moreover, following the literature, we control for a large array of observable
country characteristics.
Our regressions provide clear evidence that, ceteris paribus, natural
disasters do reduce real GDP per capita on impact (that is, in the year
that they occur). Our key ﬁndings are: A disaster in the top 1percentile of the disaster index distribution reduces GDP per capita by
at least 6.83%, while the top 5-percentile disasters cause per capita income to drop at least by 0.46%, and the smallest 25-percentile disasters
cut GDP per capita by at most 0.01%. Using a ﬁve year lag structure, we
cannot conﬁrm that natural disasters lead, on average, to a temporary
boom following the disaster as some observers argue. Thus, on average,
in our country sample, natural disasters harm development, period.
If climate change brings about more natural disasters, this is unambiguously bad news. Finally, we investigate whether institutional
quality and international openness help contain the economic
damage of natural disasters and we ﬁnd strong evidence for higher
institutional quality, higher openness to trade, and higher ﬁnancial
openness to improve countries' ability to better cope with natural disaster shocks.
Our results are consistent with standard neoclassical growth theory.
If a natural disaster (e.g., an earthquake) destroys part of a country's
capital stock, then the production possibility frontier shifts inwards,
leading to lower total output per capita.3 Subsequently, increased investment replenishes the capital stock again and, asymptotically, puts
it back to its steady state level. Similarly, a disaster (e.g., a drought)
lowers the average productivity of productive assets such as land, output per capita must fall. In terms of growth rates, theory predicts growth
to be lower than trend on impact and, under the right institutions,
higher than trend thereafter. Alternative hypotheses revolve around
the idea that the destruction of physical capital allows the affected economy to replace outdated equipment and structures faster than along the
balanced growth path (Caballero and Hammour, 1994). This may add to
a temporary boom following the disaster. However, a lack of appropriate institutions, inadequate ﬁnancing conditions, or limited access to international markets may hamper the catching-up process. Hence, again,
the prediction is that a natural disaster lowers GDP per capita on
impact.4
Our ﬁndings conﬁrm that the immediate effect of a disaster on GDP
per capita is robustly negative; while, using the same econometric
setup, outcome-based EM-DAT data yields positive (albeit insigniﬁcant)
estimates.

Also, our results on the mediating factors are plausible and in line
with standard arguments. For example, following a disaster, an open
economy can step up investment at unchanged consumption, thereby
allowing faster convergence back to the balanced growth path. Similarly, safer property rights in more established democracies encourage
domestic and foreign investment in the affected economy, speeding
up recovery quickly after impact. These ﬁndings suggest that our
GeoMet data passes the credibility test.
Our dataset is likely to be useful in other applications than the one of
this paper. Natural disasters, gauged by geophysical or meteorological
intensity measures, provide variation that is plausibly exogenous to
economic or societal outcomes and can thereby serve as instrumental
variable for many empirical questions. It can also be used to provide
more direct tests for the mediating factors discussed in this paper,
e.g., by testing for the effect of disasters on imports or exports, or on
investment.
The remainder of this paper is structured as follows: Section 2 discusses the available disaster data, describes the construction of GeoMet,
and compares key features of the two types of datasets. Section 3 analyzes the impact of natural disasters on GDP per capita and Section 4
studies how that impact is shaped by institutions or openness. Finally,
Section 5 concludes.

2. Disaster data
2.1. State of the literature
Until now, must studies on the growth effects of natural disasters
have used the Emergency Events Database (EM-DAT), provided by the
Centre for Research on the Epidemiology of Disasters (CRED) at
Université Catholique de Louvain. “The database is compiled from various sources, including UN agencies, non-governmental organizations,
insurance companies, research institutes and press agencies”.5 It
contains outcome data: it reports the number of people killed or affected (i.e., injured or rendered homeless) or the estimated monetary damage. The insurance ﬁrm Munich Re provides a similar database,
NatCatSERVICE, which is – in contrast to EM-DAT – not publicly
available.
With very few exceptions, the growing body of empirical literature
studying the effect of natural disasters on economic outcomes has
used EM-DAT data. Table 1 provides an overview of the major papers.6
Existing works differ with respect to the exact deﬁnition of the dependent variable, with respect to whether the disaster variable is based
on information about outcomes (economic or human damage) or on a
measure of physical strength, with respect to the country sample
employed, and whether the units of observation are country-year combinations or events, not to talk about the details of the econometric
speciﬁcation. Table 1 does not intend to give a complete and comprehensive overview of existing work. Rather, it shows that empirical evidence has produced inconclusive results so far. The 14 studies
surveyed contain 368 point estimates of the effect of disasters on GDP
per capita. Virtually all studies use the outcome-based data of EMDAT, only two studies make use of geophysical or meteorological data,
but specialize on speciﬁc types of disasters. About 38% of all estimates
are statistically insigniﬁcant at the 10% level; about 44% of the

5

http://www.emdat.be/.
The table does not make any claim to offer an exhaustive account of the literature.
Other studies look into further consequences of disasters, for instance, Yang (2008) examines the consequences of disasters on international ﬁnancial ﬂows using Hurricane track
data. Miguel et al. (2004) use precipitation data to investigate the impact of economic
shocks on civil conﬂict in Sub-Saharan Africa, and Brückner and Ciccone (2011) examine
the democratic consequences of economic shocks caused by exogenous weather variation
in Sub-Saharan Africa. Baker and Bloom (2013) use natural disasters from the EM-DAT database to identify the causal link between uncertainty and economic growth.
6

3

Assuming that the disaster has no major effect on population size.
See Hallegatte and Przyluski (2010) for illustrations of the disaster effect over time.
Other theoretical applications on the impact of natural disaster occurrence on output dynamics do not provide a clear cut prediction either (see, i.e., Soretz (2007); Hallegatte and
Dumas (2009); Narita et al. (2010); Ikefuji and Horii (2012)).
4
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Table 1
Key characteristics of major published empirical papers.
Study (authors, journal)

Dependent variable Disaster data

Sample

Unit of
observation

Main ﬁnding
Neutral or positive.
No effect of geophysical disasters, positive for climatic disasters.

Albala-Bertrand (1993), WD GDP growth
Skidmore and Toya
GDP growth
(2002), EI
Kahn (2005), RESTAT
Killed, affected

geo/meteo
Outcomes

Latin America
World

Events
Countries

Outcomes

World

Events

Raddatz (2007), JDE
Toya and Skidmore (2007),
ECON LETT
Hochrainer (2009), WBPRP
Leiter et al. (2009), ERE

Outcomes
Outcomes

Low-income
World, OECD

Outcomes
Outcomes

World
Europe

World, developing Countries

Lower monetary damages of disasters in advanced economies
and in countries with better institutions.
Countries
No effect of geological disasters, negative for climatic disasters.
Countries
Better institutions, better schooling, and higher openness
mitigate negative effect.
Countries
Negative effects, depending on size of the shock.
Firms, regions Positive.

Noy, (2009), JDE

GDP level
Killed, damage
over GDP
GDP growth
Value added,
employment
GDP growth

Raddatz, (2009), WBPRP
Strobl (2011), RESTAT
Loayza et al. (2012), WD

GDP growth
GDP growth
GDP growth

Outcomes &
geo/meteo
Outcomes
meteo & outcomes
Outcomes

(Fomby et al., 2013), JAE

GDP growth

Outcomes

World, developing Countries

Felbermayr and Gröschl
(2013), EER
Cavallo et al. (2013),
RESTAT

GDP level

Outcomes

World

Countries

GDP level

Outcomes

World

Events

World
Countries
Developing
Countries
World, developing Countries

Negative effect with monetary damage, no effect with alternative
measures.
Negative effect of climate disasters.
Negative effect of hurricanes.
Positive impact of ﬂoods, negative effect of droughts
(in developing countries), no effect of earthquakes and storms.
Moderate disasters can have positive effect; positive effect of
ﬂoods, negative effect of storms and droughts, mixed evidence
on earthquakes.
Depending on the sample, neutral, positive or negative effects.
No effect of disasters; only very large have a negative effect,
but not when controlling for political upheaval.

Note: ‘outcomes’ refer to economic or human damage, ‘geo/meteo’ to measures of physical strength. All GDP measures are in real and per capita terms. WD…World Development, EI…Economic Inquiry, RESTAT…Review of Economics and Statistics, JDE…Journal of Development Economics, ECON LETT…Economics Letters, ERE…Environmental and Resource Economics, JAE…
Journal of Applied Economics, EER…titEuropean Economic Review, WBPRP…World Bank Policy Research Paper.

statistically signiﬁcant effects are positive, while the remaining 56% of
signiﬁcant estimates are negative.
In EM-DAT (or similar databases), disaster intensity measures are a
function of economic development.7 However, estimating causal relations between disasters and economic variables, such as income per
capita, migration, or trade, requires measures on the disaster impact
that do not correlate with those outcomes.8 Noy (2009) and Cavallo
et al. (2013) argue that comprehensive physical disaster intensity measures would be preferable for causal empirical analysis, but deplore that
such data is not available for cross-country analyses yet.
In this paper, we ﬁll that gap. We propose a novel and comprehensive dataset, called GeoMet, that contains exogenous measures of physical disaster intensity, such as Richter scale and wind speed. It covers the
years 1979 to 2010. We utilize data from ﬁve primary sources mainly
used in geophysics or climatology. Our database contains information
on the intensity of all disaster events, the month, year and country of occurrence. These data can be merged to the damage records of EM-DAT.
Moreover, it can be collapsed on the country-year level. This allows running standard growth regressions of the impact of disasters on economic activity using econometric panel tools. After discussing the primary
sources, we compare our GeoMet data to existing data sources and
highlight the shortcomings of the latter for causal analysis.
2.2. Primary sources
2.2.1. Earthquakes
Our data on seismic activity stem from the Incorporated Institute for
Seismology (IRIS), which lists the strength (Richter scale) of every earthquake on the planet by latitude and longitude of the epicenter. We map
the data to countries using Flinn-Engdahl codes9 and geographic
7

See Kahn (2005) and Toya and Skidmore (2007) for a discussion.
Nonetheless, outcome-based measures of disasters are often treated as exogenous
variables in the literature.
9
The Flinn–Engdahl seismic and geographical categorization of regions breaks the
world into regions based on geographic and political boundaries, where each region is
assigned a unique number. Regional boundaries are deﬁned at one-degree intervals and
may thus differ from national boundaries.
8

information system (GIS) software.10 We consider earthquakes on
land and those happening right off the coastline of a speciﬁc country.
We use the maximum realization within a single earthquake event as
the measure of physical disaster intensity of that earthquake. The
highest value on the Richter scale recorded in our data is 8.8 and was
measured on the Philippines in February 2006.
2.2.2. Volcanic eruptions
The Global Volcanism Program of the Smithsonian Institution measures
volcanic eruptions and speciﬁes the magnitude by the Volcanic
Explosivity Index (VEI).11 The Global Volcanism Program documents
the eruption start date and stop date of all volcanic eruptions. The listed
VEI is the highest VEI reached during the entire eruptive episode. The
highest reported VEI in our dataset is 6, which was recorded for an outbreak by the Pinatubo on the Philippines in 1991. We use the maximum
VEI as our measure of the intensity of volcanic eruptions.
2.2.3. Storms
We use two primary data sources for wind speed: the International
Best Track Archive for Climate Stewardship (IBTrACS) and the Global Surface Summary of Day (GSOD) data. The IBTrACS data (version v03r03) is
provided by the National Climatic Data Center of the National Oceanic and
Atmospheric Administration (NOAA) which records data of individual
hurricane events, positions (latitude and longitude) of hurricane centers
at 6-hourly intervals, combined with intensity information (wind speed
in knots and barometric pressure). The data incorporate information
from a variety of sources, such as reconnaissance aircraft, ships, and satellites.12 The raw ‘best track’ data give no indication on affected
10
GIS uses geographical location as the key index variable to relate information to speciﬁc countries, or regions. Any variable that can be located spatially can be referenced
using GIS software. Information, such as precipitation in a certain region, storm or epicenter location anywhere on the globe may be mapped to countries using information on
their geographical occurrence, such as longitude and latitude, respectively.
11
The Volcanic Explosivity Index is coded on a logarithmic scale and is deﬁned over the
interval 0 to 8. The VEI combines the volume of tephra ejected and the height of the eruption cloud.
12
Since the 1960s most of the data stem from satellites (Chu et al., 2002; Yang, 2008).
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countries. We use geographic information system (GIS) software to
map hurricane position data to affected countries. Not only do we
consider positions (latitude and longitude) on land, but we also consider positions off the coastline of a country.13 To capture tornadoes,
and winter and summer storms (not captured by the IBTrACS data),
the hurricane track data is matched to daily data of the GSOD data
(version 7) on maximum wind speed and wind gust. This dataset includes records of wind speed from over 9000 worldwide stations and
is produced by the National Climatic Data Center (NCDC). GSOD uses
daily summaries of hourly observations contained in the Integrated
Surface Data (ISD). We collapse daily extremes on wind speed and
wind gust over all stations on a country basis. Combining both
datasets, we obtain a measure that brings together wind speed
from the hurricane track data and wind speed from GSOD. We use
the maximum total wind speed in knots on a country basis as our
disaster intensity measure for storms.

2.2.4. Floods and droughts
Precipitation data are recorded by the Goddard Space Flight Center of
the National Aeronautics and Space Administration (NASA) in the Global
Precipitation Climatology Project (GPCP). The GPCP combines weather
station rainfall gauge measures and satellite information. Total
monthly precipitation data are provided in millimeters (mm) for
2.5 latitude and longitude degree grid nodes. Following Miguel
et al. (2004) and Brückner and Ciccone (2011), we bring the data
to the country level by matching rainfall estimates per node to the
corresponding country using GIS software and we average rainfall
across nodes to produce an estimate of total monthly rainfall per
country.14 Our principal measure of weather variation is the difference in monthly rainfall in mm, which we deﬁne as the proportional
deviation of total monthly rainfall from average monthly rainfall of
the entire available time period (1979–2010). We distinguish two
disaster types, ﬂoods and droughts. We measure ﬂooding events by
the positive difference in total monthly precipitation.15 Droughts
are, however, different in the sense that a single dry month usually
does not cause a drought, but several months in a row or within a
year might do so. For this reason, we create an indicator variable
for droughts, which takes the value of unity if at least three subsequent months have rainfall below 50% of the long-run average
monthly mean, or if at least ﬁve months within a year have rainfall
below 50% of the long-run monthly mean, and zero otherwise.

2.2.5. Extreme temperature events
Temperature data also stem from (GSOD, version 7) which includes
records of temperature from over 9000 worldwide stations and is
produced by the National Climatic Data Center (NCDC). 16 The
GSOD dataset uses daily summaries of hourly observations contained
in the Integrated Surface Data (ISD). We collapse daily temperature
extremes over all stations on a country basis. Our disaster intensity
measure for temperature extremes is the percentage difference
between the maximum temperature in one month from the corresponding long-run (1979–2010) monthly mean. Strong positive deviations are interpreted as heat waves, strong negative ones as cold
waves.
13
As tropical storms and hurricanes can be relatively wide, tropical storm-force and
hurricane-force winds may cause destruction even though they did not make landfall (National Hurricane Center, 1999).
14
If no degree node fell within the national boundaries of a country, we assigned the
rainfall measures from the nearest node(s) to their borders.
15
Our monthly measure is, of course, coarse, and we may miss events in which very
strong rainfall over a very short period of time may have caused strong damage. Strictly
speaking, in our analysis, we measure the effects of large deviations of precipitations from
long-run means.
16
Data are converted from degrees Fahrenheit into degrees Celsius using the common
formula (° F − 32) ∗ 5/9.
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2.3. A new data set: GeoMet
In the following, we construct two datasets: (i) an event-based set,
which merges the GeoMet data physical disaster intensity measures
with the measures of material and human damage reported in EMDAT,17 and (ii) a data set that matches yearly indices of disaster intensity per country to macroeconomic variables.18
Virtually all earthquakes, volcanic eruptions, storms, ﬂoods,
droughts, and extreme temperature events reported by EM-DAT can
be also found in GeoMet,19 too, but the opposite is not true: Out of
10,448 earthquakes with strength at least 5 on the Richter scale, EMDAT reports only 6.2%. That rate is highest for the strongest earthquakes
(40.9%), but falls quickly with decreasing earthquake intensity. Volcano
eruptions are better covered, with 14.7% of all events with VEI measure
higher than 2 being included into EM-DAT and half of all events stronger
than VEI 4 covered.20
Table 2 combines GeoMet and EM-DAT data to report the physical
intensity and the monetary or human costs of natural disasters. It focuses on large disasters, as deﬁned in the EM-DAT data base. In principle,
this allows to ﬁnd the intensity thresholds beyond which disasters can
be deemed “big”. For earthquakes, this works: the threshold has a
meaningful value of 3.7 on the Richter scale; for the other disaster
types, the thresholds are very close to zero, indicating that EM-DAT
does sometimes report substantial damage from events that had very
small physical intensity. Averages are more interesting. Large earthquakes have a mean Richter scale of 6.2, while large volcanic eruptions have a mean VEI of 3.44. Storms are listed as large-scale with
a mean wind speed of 72.66 knots, a ﬂood is large with a mean divergence in monthly precipitation of 0.389 mm, droughts are large in
scale with a negative mean difference in monthly precipitation of
0.360 mm, and extreme temperature events have a mean monthly
difference of 0.141 °C. While droughts cause the highest death toll
and affected population, storms are, on average, responsible for the
largest monetary damages.21
Following Kahn (2005), Table 3 reports the results of linear regressions of material or human damage (from EM-DAT) on the physical intensity measure of natural disasters (from GeoMet) and characteristics
of the countries, in which the disasters occurred.22 The table shows
only the elasticity of GDP per capita, but the regressions also contain a
host of other controls (such as geographical variables or measures of
openness, and a full array of year dummies).23 To save space, we
focus on earthquakes and storms; other disaster types reveal similar
patterns. The regressions show that moving up the Richter scale by
one point increases the human toll by about 83% while monetary
17
We also match the GeoMet data to the NatCatSERVICE database of Munich Re. Note
that the Munich Re database is not publicly available. Results based on NatCatSERVICE (reported in the Appendix) are similar to those based on EM-DAT.
18
In our events-based analysis, we do not need to normalize the disaster data; when we
move to the country-level, however, we need to normalize disaster data to account for the
size of country in which a disaster has struck.
19
The exact numbers are 99.95, 97.16, 99.98, 99.99, 100.00, 99.99%, respectively.
20
Table B-I in the Appendix provides full information on all events, as well as the associated damage indicators from EM-DAT.
21
Figure in the Web Appendix shows that disasters reported by an outcome-based data
base such as EM-DAT are systematically stronger than those reported by geophysical or
meteorological sources and compiled in GeoMet.
22
Schumacher and Strobl (2011) also regress damages from EM-DAT on country characteristics (such as GDP per capita), and on a proxy for the hazard of disasters.
23
We measure openness with the Chinn–Ito index, which reports the degree of capital
account openness of a country, the Sachs–Warner trade policy openness measure – The
measure classiﬁes an economy as open if: (i) its average tariff rate was below 40%,
(ii) its non-tariff barriers covered less than 40% of imports, (iii) it had no socialist economic
system (iv) it had no state monopoly of major exports, or (v) its black-market premium
was under 20% during either the 1970s or the 1980s; see (Sachs and Warner, 1995) and
for an update (Wacziarg and Welch, 2008) – or the UN General Assembly roll-call vote correlation of countries with G8 powers (Data on the United Nations General Assembly voting stem from Erik Voeten's homepage http://dvn.iq.harvard.edu/dvn/dv/Voeten). We
have experimented with squared GDP per capita terms; they have turned out statistically
insigniﬁcant.
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Table 2
EM-DAT large disasters, matched event-based dataset (1979–2010).
Physical magnitude

Costs reported in EMDAT (Mean in %)

(rl)3-6(rl)7-9 Large disaster
Type

Obs.

Mean

Std. dev.

Minimum

Maximum

Earthquake
Volcano
Storm
Flood
Drought
Extreme Temperature

146
9
494
467
253
34

6.2
3.44
72.66
0.389
−0.360
0.141

0.986
1.424
25.884
0.783
0.266
0.257

3.7
1
12
0.003
−0.983
0.001

8.6
6
150
13.549
−0.001
1.325

Killed over
population

Affected over
population

Damage over
GDP

0.023
0.009
0.002
0.001
0.143
0.008

1.401
1.609
3.644
3.092
18.027
10.214

1.404
0.542
11.465
0.359
1.526
0.454

Note: Matched event-based dataset (EM-DAT + GeoMet). The decision rule on large disasters in EM-DAT builds on the convention of Munich Re (2006). Large-scale disasters are deﬁned
as events that (i) caused 1000 or more injured or dead; (ii) affected 100,000 or more persons; or (iii) caused a monetary damage of 1 billion or more US dollars.

damage increases by 62%. Increasing the wind speed of a storm by 10
knots results in an increase of 15% in the number of killed, of 34% in
the number of affected, and of 31% in the monetary damage. Moreover, the partial correlation of GDP per capita with the human costs
of disasters is negative, while that with the monetary costs is positive. Disasters in developed countries destroy more physical capital
but less human capital. This ﬁnding suggests that it is risky to use
outcome-based disaster information (as from EM-DAT) in growth
regressions, since the reported damage is positively correlated with
GDP per capita, the dependent variable in those frameworks.24
Finally, we turn to the time dimension. The left-hand plot in
Fig. 1 shows the yearly number of large earthquake events from
EM-DAT against an equivalent number from our GeoMet data, normalizing the initial level (1979) to 100. Regardless of the database,
the two series do not exhibit any time trend, but EM-DAT data are
much more volatile. Interestingly, there is no statistically signiﬁcant correlation between the two series. The right-hand plot
reports storms and hurricanes. Both the Geo-Met data and the
EM-DAT data exhibit upward trends, but less in GeoMet (where
there is no discernible trend after 1990 anymore) than in EMDAT. The correlation for storms and hurricanes between EM-DAT
and GeoMet is high (0.632). As before, the EM-DAT data are more
volatile than the GeoMet data.25
2.4. Disaster reporting and GDP per capita
A major problem with the existing disasters data bases is that
they do not include the universe of events and that selection may
not be random. In particular, it is possible that events in countries
with certain characteristics such as higher insurance penetration
are more likely to be present in the data, and that these characteristics correlate with the variable of interest in cross-country income
regressions: GDP per capita. To check this possibility, we estimate
the probability of a disaster being reported in EM-DAT using a linear
probability model
Reportk;i;t ¼ β1 Intensityk;i;t þ β5 Xi;t þ νi þ ν t þ εk;i;t

ð1Þ

24
One could think that column (6) implies that monetary damage increases less than
proportionately than GDP. However, caution is required: ﬁrst, the coefﬁcient on log population (included, but not shown) is quite different from that on GDP per capita, and, second, we measure GDP in units of international PPP, while damage is measured in dollars.
25
Fig. 1 tells nothing about whether disasters have become stronger over time. Comparing kernel densities of disaster intensities from 1990–2000 and 2000–2010 for earthquakes and storms, we ﬁnd that earthquakes have not become stronger over time, while
storms have now less mass in the middle of the distribution indicating that not necessarily
more storms or hurricanes take place, but those that happen are stronger and thus more
destructive (compare Figures B-II and B-III in the Web Appendix). For a careful analysis
see the IPCC SREX report (available at ipcc-wg2.gov/SREX/).

where, Reportk,i,t is one if a speciﬁc disaster event k is reported in a specific country i at time t in EM-DAT, and zero otherwise.26 Intensity k,i,t is the
maximum Richter scale value matched to EM-DAT for earthquakes, the
maximum wind speed for storms, the maximum VEI reported for volcanic eruptions, the maximum difference in monthly precipitation in mm
reported for drought or ﬂooding events, and the maximum absolute difference in monthly temperature in C reported for extreme temperature
events. Vector Xi,t contains time-varying controls, such as the logarithm
of total population (taken from the Penn World Tables (PWT, 7.1)), an
index for democratic orientation,27 and ﬁve bins for GDP per capita corresponding to the 1–20th, 21–40th, 41–60th, 61–80th, an 81–100th percentiles of the world per capita income distribution.28 To control for
time-invariant country speciﬁc characteristics, we include country ﬁxed
effects. Time ﬁxed effects control for time trends common to all disaster
events.29
Table 4 reports results, suppressing controls for the sake of space.
It looks at six types of natural disasters. For all of them, the probability of reporting is higher, the stronger the physical intensity of the
disaster. 30 For instance, an earthquake with an intensity of 8 on
the Richter scale has a probability of reporting that is 31 percentage
points higher than that of an event with intensity 2. 31 For earthquakes, storms and ﬂoods, we ﬁnd that GDP per capita is an
important predictor for inclusion into EM-DAT. For example, an
earthquake of given intensity has a reporting probability that is 3.6
percentage points higher in a country belonging to the 5th quintile
of the income distribution relative to a country in the poorest
category.32

26

See Kahn (2005).
We use the polity index from the Polity IV Project. The polity index is rescaled and normalized between 0 and 1, with 0 being the most autocratic state and 1 being the most
democratic nation.
28
These are equivalent to the logarithmic GDP per capita of [0, 6.198), [6.198, 7.596),
[7.596, 8.994), [8.994, 10.392), [10.392, max).
29
Figure B-IV in the Web Appendix plots the distribution of reported disasters of GDP
per capita levels. It ﬁnds that earthquakes, storms, and heat-waves in rich countries are
over represented in the EM-DAT data base relative to GeoMet while the opposite is true
with volcanic eruptions, ﬂoods and droughts.
30
Relevant ranges of intensity measures are found in Table 1.
31
100 × (8 − 2) × 0.051.
32
When we include further control variables, such openness measures or the UN General Assembly roll-call vote correlation of countries with G8 powers the pattern remains intact. We also ﬁnd very similar patterns using Munich Re's NatCatSERVICE data; see
Tables B-II, and B-III in the Web Appendix. In these tables, we ﬁnd that more democratic
countries report more disasters, while results on openness depend on the disaster type.
For instance, the probability of reporting an earthquake decreases with ﬁnancial openness,
but increases with trade policy openness, everything else equal. Results on the correlation
of UN votes are mixed.
27
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Fig. 1. The number of natural disasters over time. Note: Matched event-based dataset (EM-DAT + GeoMet). The number of disasters is normalized to 100 in 1979. We use earthquakes of
Richter scale 4 and higher, and storms and hurricanes with a wind speed of 64 and higher, which equals hurricanes of scale 1 and larger, to catch sufﬁciently large events. For EM-DAT, we
use all reported disaster events, entries into the database already fulﬁll certain criteria to be recorded as a disaster event.

So, the conclusion is that insurance-based or news-driven data sets
of natural disasters pose important problems: (i) they are subject to selection bias, and (ii) intensity measures are likely correlated with error
terms in growth regressions. Our GeoMet data set is better suited for
causal inference as it reports physical intensity measures for the universe of geophysical and meteorological events.

3. The effect of natural disasters on growth
3.1. Empirical framework
We are now ready to revisit the effect of natural disasters on per
capita income growth using GeoMet data and to compare it with the

Table 3
The costs of natural disasters and GDP per capita.
Earthquakes

Storms and hurricanes

(Richter scale)
(rl)2-4(rl)5-7 Dependent Variable:

Disaster intensity
GDP per capita (log)
Observations
Adjusted R2

(Wind speed)

Killed

Affected

Damage

Killed

Affected

Damage

(log)

(log)

(log)

(log)

(log)

(log)

(1)

(2)

(3)

(4)

(5)

(6)

0.827***
(0.13)
0.003
(0.18)
472
0.106

0.827***
(0.13)
−0.286*
(0.17)
641
0.177

0.623***
(0.15)
1.132***
(0.25)
268
0.245

0.015***
(0.00)
−0.323***
(0.06)
1332
0.342

0.034***
(0.00)
−0.452***
(0.11)
1157
0.297

0.031***
(0.00)
0.293**
(0.14)
929
0.323

Note: ***, **, * denote signiﬁcance at the 1%, 5%, and 10% level, respectively. Robust standard errors reported in parentheses. Controls and time ﬁxed effects included but not reported. Controls include the log of total population and land area, % of land area in tropics, Chinn–Ito ﬁnancial openness, Sachs–Warner trade openness. Matched event-based database (EM-DAT and
GeoMet), covering years 1979 to 2010.
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Table 4
Reporting probability in EM-DAT (1979–2010).
Dependent variable:

Richter scale

Variable equals one if disaster is reported in EM-DAT
Earthquakes

Volcano

Storms

Floods

Droughts

Extreme
temperature

(1)

(2)

(3)

(4)

(5)

(6)

0.051***
(0.00)

Volcanic Explosivity Index

0.099***
(0.02)

Wind speed

0.002***
(0.00)

Δ precipitation

0.031***
(0.00)

0.002*
(0.00)

Δ temperature
ln GDP per capita
2nd quintile
3rd quintile
4th quintile
5th quintile
Observations
Adjusted R2

0.001**
(0.00)

0.018*
(0.01)
0.029**
(0.01)
0.034***
(0.01)
0.036**
(0.01)
27,708
0.126

−0.298
(0.24)
−0.388
(0.24)
−0.354
(0.25)
−0.364
(0.25)
870
0.171

0.016***
(0.01)
0.010
(0.01)
0.013*
(0.01)
0.011
(0.01)
52,866
0.195

0.012**
(0.01)
0.022***
(0.01)
0.017**
(0.01)
0.010
(0.01)
56,760
0.090

0.003
(0.00)
0.004
(0.00)
0.003
(0.00)
0.002
(0.00)
56,760
0.018

0.003
(0.00)
0.001
(0.00)
−0.001
(0.00)
0.001
(0.00)
52,473
0.028

Note: ***, **, * denote signiﬁcance at the 1%, 5%, and 10% level, respectively. Country and time ﬁxed effects included but not reported. Controls included but not reported comprise the logarithm of population and an index of democracy. All estimations use a linear probability speciﬁcation. Matched event-based database (EM-DAT + GeoMet-Data).

results obtained with EM-DAT. The units of observation are countryyear combinations, and the disaster variables aggregate over events in
a single year. We use a very standard growth regression framework.
Following Mankiw et al. (1992), Islam (1995), and most subsequent
empirical models on economic performance, we include lagged GDP
per capita to estimate a dynamic model. Our basic speciﬁcation takes
the form
Δ ln yi;t ¼ ðρ−1Þln yi;t−1 þ αDi;t þ βX i;t‐1 þ νi þ ν t þ εi;t ;

ð2Þ

where Δ ln yi,t ≡ ln yi,t − ln yi,t − 1 is the growth rate of real GDP per
capita, and lnyi,t − 1 is the lagged log of GDP per capita. Di,t is a measure
disaster intensity. We either include speciﬁc types of disasters happening in a year in a country, or we aggregate different disasters into an
overall index. Following related empirical literature,33 we work with
the unweighted sum of disaster intensity measures and with an
alternative deﬁnition, which uses the inverse of the standard deviation
of a disaster type within a country over all years as precision weights.
The latter approach makes sure that no single disaster component
dominates the movement of the disaster index. Moreover, as the impact
of a given disaster on the economy of a country clearly depends on the
disaster intensity relative to the overall size of the country, we follow
the literature (i.e., (Skidmore and Toya, 2002)) and scale all respective
disaster variables by land area. To facilitate comparison, we further
scale the measures such that they admit the same mean in our sample
(0.041).34 To focus on the important results, we remove volcanic
eruptions as the number of events is small and most results are thus
meaningless (800 events for volcanic eruptions versus more than
25,000 for all other event categories).35

33
The empirical literature on exchange rate crises works with Exchange Market Pressure
Indices which also combines different elements; see Eichengreen et al. (1995).
34
The unweighted measure has a standard deviation of 0.199 while the weighted one
has a standard deviation of 0.209.
35
Results on volcanic eruptions can be obtained on request.

The vector of controls Xi,t ‐ 1 contains the variables also used in the
related papers of Noy (2009); Skidmore and Toya (2002) and Loayza
et al. (2012). These authors use a set of structural, domestic policy,
and external factors. Structural factors include a variable of the size of
the economy (total population), an index of democratization (polity
index), and a measures of openness to trade (imports plus exports divided by GDP). Domestic policy variables comprise inﬂation, domestic
credit, gross capital formation, and the current account balance. External factors are foreign direct investment and real interest rates.36 See
Table A-I in the Appendix for the summary statistics, data sources, and
variable descriptions. To mitigate endogeneity concerns (though, admittedly, not solving them), we use the lag of control variables. Timeinvariant country characteristics are accounted for by country-speciﬁc
ﬁxed effects νi, while year ﬁxed effects νt control for common time
trends. Our sample includes 108 countries for the years 1979–2010,
but with gaps in time coverage.
In our baseline regressions, we do not explicitly deal with the bias
that arises from the presence of a lagged endogenous variable on the
right-hand-side of the equation (Nickell, 1981), since we know that
this bias is small in panels withrather long time dimension like ours
T = 30 (Judson and Owen, 1999). We carry out extensive robustness
checks later in this Section. Moreover, one may be worried about
panel unit roots. In our regressions, we run F-tests on H0 : ρ − 1 = 0,
typically rejecting the presence of unit roots. Further, we conduct
Levin–Lin–Chu unit root tests (Levin et al., 2002) on balanced subsamples and, again, reject the presence of unit roots.37
For α, we expect to see economic growth to be lower then trend at
the year the disasters strikes, as the production capacity of the economy
is at least temporarily reduced. This is because the disaster destroys the
capital stock of the country or lowers the productivity of assets such as
land. Assuming ρ b 1, in subsequent periods, as capital is replenished,
36
We take information on these variables from the World Development Indicators database of the World Bank.
37
The Levin–Lin–Chu unit root test exploits the time-series, as well as the cross-section
dimension. As the bias-adjusted t statistic is signiﬁcant at the 1% level, we can thus reject
the Null of a unit root.
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Table 5
Growth effects of natural disasters (1979–2010).
Dependent variable:

Δln GDP per capita (N = 1787; Countries = 108)

Disaster variable

GeoMet

(rl)2-3(rl)4-5(rl)6-7

(1)

GeoMet Disaster Indexi,t

−0.046***
(0.01)

EM-DAT
(2)

(3)

NatCatSERVICE
(4)

(5)

−0.063***
(0.01)

GeoMet Disaster Indexi,t, weighted
EMDAT all disasteri,t

0.230
(0.59)
−1.966
(2.12)

EMDAT large disasteri,t
NatCatSERVICE All Disasteri,t

0.044
(0.03)
−2.626
(3.06)

NatCatSERVICE Large disasteri,t
Controls
ln GDP per capitai,t − 1
ln populationi,t − 1
Polity indexi,t − 1
Trade opennessi,t − 1
Interest ratei,t − 1
Domestic crediti,t − 1
Gross capital formationi,t − 1
Foreign direct investmenti,t − 1
ln Inﬂationi,t − 1
Current account balancei,t − 1
Constant
(0.42)
Adjusted R2

(6)

−0.090***
(0.02)
−0.075**
(0.04)
0.025
(0.02)
0.038***
(0.01)
0.009
(0.18)
−0.036***
(0.01)
0.019**
(0.01)
0.044
(0.05)
−0.003*
(0.00)
0.050
(0.04)
1.390***
(0.42)
0.242

−0.089***
(0.02)
−0.071**
(0.03)
0.025
(0.02)
0.039***
(0.01)
0.013
(0.18)
−0.036***
(0.01)
0.019**
(0.01)
0.047
(0.05)
−0.003*
(0.00)
0.054
(0.04)
1.400***
(0.42)
0.243

−0.088***
(0.02)
−0.069**
(0.03)
0.024
(0.02)
0.039***
(0.01)
0.007
(0.18)
−0.036***
(0.01)
0.019**
(0.01)
0.051
(0.05)
−0.003*
(0.00)
0.056
(0.04)
1.414***

−0.088***
(0.02)
−0.070**
(0.03)
0.024
(0.02)
0.039***
(0.01)
0.006
(0.18)
−0.036***
(0.01)
0.018**
(0.01)
0.050
(0.05)
−0.003*
(0.00)
0.056
(0.04)
1.401***

−0.089***
(0.02)
−0.071**
(0.03)
0.025
(0.02)
0.038***
(0.01)
0.007
(0.18)
−0.036***
(0.01)
0.019**
(0.01)
0.051
(0.05)
−0.003*
(0.00)
0.055
(0.04)

−0.088***
(0.02)
−0.070**
(0.03)
0.024
(0.02)
0.039***
(0.01)
0.006
(0.18)
−0.036***
(0.01)
0.019**
(0.01)
0.050
(0.05)
−0.003*
(0.00)
0.056
(0.04)
(0.41)

0.241

0.242

0.242

0.242

Note: ***, **, * denote signiﬁcance at the 1%, 5%, and 10% level, respectively. Country and time ﬁxed effects included but not reported. Robust standard errors reported in parenthesis. Unbalanced panel with 108 countries. Column (1) uses the simple disaster index measure, while column (2) uses the disaster index measure weighted by the inverse of the within country
standard deviation of each respective disaster type. The decision rule for large-scale disasters from EM-DAT and NatCatSERVICE bases on the convention of ‘great natural disasters’ by
Munich Re (2006) and the United Nations. Disasters are deﬁned as large if (i) 1000 or more were killed, or (ii) at least 1 billion US dollar monetary damage (made comparable over
time using the deﬂator on US dollars from WDI), and with EM-DAT also if (iii) 100,000 or more affected.

growth may be above trend and slowly returns back to trend.38 We use
lags to illustrate the time evolution of disaster effects.

3.2. Baseline results
Table 5 shows the results from regressing aggregate disaster indices
on per capita growth.39 In the Appendix (Table B-VI), we report results
based on a much more balanced parsimonious model which delivers
very comparable results.
Table 5 contrasts regressions using different disaster measures. In
column (1) we use the unweighted sum of physical intensity measures
of disasters that happened in a speciﬁc country in a speciﬁc year as the
key independent variable. Column (2) proposes a reﬁned index, in
which physical intensity measures of different disaster types have
been weighted with their inverse sample standard deviations. Both
indices are built using intensity measures divided by the log area of
the affected country to account for the fact that given disasters

38

See Hochrainer (2009) Fig. 1 for a graphical illustration of possible effects.
39
Summary results including the mean and standard deviations, as well as a description
of variables are reported in Table A-I in the Appendix.

must have very different GDP effects in countries of different geographical extension. To facilitate comparison, we have further
rescaled the aggregate indices such that they have the same sample
means (0.0041).
For both indices, we ﬁnd precisely estimated negative coefﬁcients
for the effect of disasters on growth.40 These results are in contrast to
those obtained from the EM-DAT or NatCatSERVICE. Columns (3) and
(4) are based on the EM-DAT database; columns (5) and (6) are based
on the similar NatCatSERVICE data from Munich Re. In both cases, we
use the sum of all disasters (columns (3) and (5)) or of large disasters
only (columns (4) or (6)). We do not ﬁnd any evidence that disasters
reduce growth on impact; the signs are positive if the index is based
on all reported disasters. It turns negative if one uses large disasters
only, but standard errors are big and point estimates implausibly
large.41 Since the disaster measures used in columns (3) to (6) are likely
to be positively correlated with the error terms in Eq.(1), as shown in
Section 2.2., we would expect an upward bias in the estimates; this is indeed what we observe in Table 5.
40
The negative effects of disasters on income are in line with ﬁndings by Noy (2009) and
Loayza et al. (2012).
41
The lagged endogenous variable and other controls give very similar point estimates
across all models, with sign and signiﬁcance patterns inline with the literature.
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Disaster Index, weighted Percentiles
Fig. 2. Growth effects of natural disasters as a function of disaster intensity. Note: The Figure plots the estimated GDP growth effects loss of disasters on GDP per capita in % as a function of
different realizations of the weighted disaster index. Estimates as of Table B-VI column (2).

To obtain a quantitative interpretation of these estimates, we evaluate the marginal growth effects at disaster indices of different intensity.
In a year, in which the (simple) disaster index is equal to the sample
mean of 0.041, growth is lower by about 0.18 percentage points; a one
standard deviation increase of the index above the mean yields a
growth penalty of 1.10 points. Similarly, using the weighted index, a
year in which the index is equal to the mean, the model predicts that
growth is lower by 0.26 percentage points, while a one standard deviation increase above the mean triggers a sizeable growth cut of 1.51
points. Fig. 2 evaluates the growth effects of natural disasters at different
realizations of the (weighted) disaster index.42 The ﬁgure implies that
the 75% smallest realizations of the disaster index imply at most a
very modest growth effect of 0.1%, much less than the mean effect.
Even the 95% weakest disaster years come with a GDP loss of at most
0.46%. The 1% worst realizations of the index, however, imply a very
substantial growth penalty of 6.9% (not shown in the ﬁgure). This reﬂects the very skewed distribution of the index and implies that substantial growth effects are to be expected only from the very worst
disaster years. The very strongly non-linear shape of output losses is
consistent with modeling results (Hallegatte et al., 2007; Hallegatte,
2008). In these models, the non-linear link between physical intensity
and growth impacts could arise from a non-linear relationship between
physical intensity and (direct) asset losses, or from a non-linear relationship between asset losses and output losses. Our results are also
reminiscent of Barro (2006), who ﬁnds that extreme low-probability
events can have a signiﬁcant macro impact because of the non-linear effect of disasters on GDP.
Tables B-VI and B-V in the Web Appendix provide robustness checks
to Table 5. In the ﬁrst case, we use a very parsimonious model in which

42
The picture is qualitatively and quantitatively very similar if the unweighted index is
used.

growth is regressed only on the lagged level of GDP per capita and on
our disaster measures. In the second case, we work with a ﬁrstdifference the model rather than use the within transformation to partial out unobserved heterogeneity. In both cases, the indices based on
GeoMet produce signiﬁcant, negative effects of disasters on growth
while the alternative measures do not yield statistically signiﬁcant results. Table B-IV reports results from a speciﬁcation that regresses the
log level of GDP per capita on natural disasters and the other controls
used in Table 5 (including country and year dummies) but does not include the lagged value of the dependent variable on the right-hand-side.
Earlier results are conﬁrmed.

3.3. Effects by type of disaster
Next, we replace the summary disaster measures of Table 5 with
the disaggregated disaster intensity measures for earthquakes, volcano eruptions, storms, ﬂoods, droughts, and extreme temperature.
We aggregate events within a year by selecting the maximum intensity measure reported for that year. All intensity measures are
scaled by the land area of the country in which they have occurred.
To enable easy comparison across disaster types, we have further
rescaled the variables such that they all have the same sample
mean (0.009). 43 Otherwise, we keep the empirical strategy used
above.
Drawing on our GeoMet data, Table 6 reports results (suppressing, for brevity, the coefﬁcients of further controls). We ﬁrst introduce disaster types separately in columns (1) to (6), and then
jointly in column (7). All disaster types have a statistically signiﬁcant
effect on growth if entered separately into the regression. All types

43

See Table A-I in the Appendix for standard deviations.
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Table 6
Growth effects of natural disasters by type of disaster (1979–2010).
Dependent variable:

Δ ln GDP per capita

Richter scalei,t

−0.270***
(0.08)

(1)

(2)

(3)

(4)

(6)

−0.045**
(0.02)

−0.178***
(0.06)
−0.175***
(0.06)
−0.020
(0.02)
−0.013***
(0.00)
−0.052***
(0.02)

0.242

0.242

−0.181***
(0.07)

Wind speedi,t
Positive Δ raini,t

−0.024*
(0.01)
−0.013***
(0.00)

Droughti,t (dummy)
Δ temperaturei,t

Adjusted R2

(5)

0.242

0.242

0.241

0.242

Note: ***, **, * denote signiﬁcance at the 1%, 5%, and 10% level, respectively. Robust standard errors reported in parentheses. Controls, country and time ﬁxed effects included but not reported. Controls are included as of Table 4 column (1). N = 1787, 108 countries.

reduce growth with volcano eruptions being the sole exception.
Note, however, that volcano eruptions are rare events in our database, and that they are geographically ﬁxed, occurring only in a few
countries. In the presence of country ﬁxed effects, this impairs
clean identiﬁcation.44 The coefﬁcients of control variables are almost
exactly the same as in Table 5.
Multiplying the estimated coefﬁcient by 0.009 (the sample average
of all disaster types), one obtains the quantitative growth effect of an
average natural disaster. An average earthquake reduces growth on impact by 0.16, an average storm by 0.16, an average drought by 0.01, and
an average extreme temperature event by 0.05 percentage points. The
ﬁve percent strongest events reduce GDP per capita by at least −2.32
percentage points for earthquakes, −1.75, −0.34 and −0.09 percentage points for storms, droughts, and extreme temperature events,
respectively.45 Not surprisingly, earthquakes and storms have stronger
effects, since they affect larger portions of the economy. Droughts and
extreme weather events are mostly relevant for the agricultural sector
only.
It is interesting, to evaluate the estimates in 6c with the data of a few
famous disaster events. In August 2005, hurricane Katrina devastated
the US Gulf Coast. The monetary damage of the disaster, as reported in
EM-DAT, amounted to about 125 billion US dollar or 0.01% of US GDP
from that year. Evaluating column (3) with the speciﬁc data from that
event, we ﬁnd that Katrina reduced GDP per capita by 0.002% in 2005.
This is a small number which reﬂects the large size of the overall US
economy relative to the size of the affected region. Yet, the magnitude
is plausible, since it corresponds to an output elasticity of capital of
about 0.2.46
The winter storms Lothar and Martin affected Europe in 1999. They
caused a monetary damage of about 2.6 billion US dollar in Denmark.
This corresponds to approximately 0.86% of GDP. According to our estimates, the GDP per capita drop in Denmark was 0.27%; this suggests an

44
Table B-IX in the Web Appendix uses the smaller country sample suggested by
(Mankiw et al., 1992). This sample excludes countries for which oil-production was the
dominant industry and states that formerly were part of the Soviet Union or Soviet satellite states and is well established in the growth literature (e.g., (Islam, 1995; Caselli et al.,
1996; Klenow and Rodriguez-Clare, 1997; Felbermayr and Gröschl, 2013)). We ﬁnd very
similar results in this sample.
45
In these calculations, we assume that disaster events are approximately normally
distributed.
46
We may use Δ % y = κΔ % K, where Δ % y is the percentage change in per capita output
(GDP), Δ % K is the change in the stock of physical capital, and κ is the output elasticity of
the capital stock in a neoclassical production function (often estimated between 0.2 and
0.4 in OECD countries). Note that, in this calculation, we assume that the capital stock is
malleable and that the elasticity of output with respect to capital is constant.

output elasticity of capital of about 0.3. On January 2 2010, Haiti suffered
an earthquake with an intensity of 7.8 on the Richter scale. According to
EM-DAT it resulted in a damage of 8 billion US dollar or 0.56% if GDP. In
our empirical model, the disaster caused a reduction in real GDP per
capita by 0.05%, possibly reﬂecting the low capital intensity of production in a very poor country such as Haiti.
Droughts can cause substantial GDP losses as well. In 1983, a strong
drought generated a loss in GDP per capita of 0.16% in Syria; in
Guatemala a drought generated a loss of 0.27% of GDP in 1998. The
heat wave that hit Europe in the year 2006 reduced GDP per capita in
several countries with the largest loss in Hungary (0.37%). The 2007
heat wave in Southeast Asia caused a loss of GDP per capita of 0.02%
in China and of 0.52% in Vietnam.
3.4. Further results checks
3.4.1. Heterogeneity across samples
We start by exploring the impact of natural disasters on the economic activity of various country groups. Table 7 summarizes results. All regressions include the full set of control variables, country and time ﬁxed
effects. First, we separate developing from industrialized economies in
columns (1) and (2). In Panel A, we ﬁnd that both, non-OECD and
OECD countries are negatively affected by natural disasters. This ﬁnding
is revised in Panel B, where we use the weighted disaster index measure. We ﬁnd that only developing countries experience a negative effect, while the effect on industrialized countries turns insigniﬁcant. In
Panel C, we ﬁnd that larger earthquakes, storms, and temperature extremes negatively affect per capita income in non-OECD countries in
column (1). For OECD economies, solely storms and droughts exert a
negative effect in column (2).
Columns (3) to (4) decompose the sample into low and middle, and
high income countries according to the convention of the World Bank.
Results show that low and middle income countries suffer from natural
disasters; see Panel A column (3). The effect is reversed in Panel B column (4), where we ﬁnd a negative impact only for high income countries. It appears that droughts and storms hurt GDP per capita in high
income countries (Panel C column (4)), while earthquakes or storms
have more adverse effects on economic activity in low and middle income countries; see Panel C column (3).
Finally, in columns (5) and (6), we distinguish between democratic
countries (polity index N 0.5) and autocracies (polity index b = 0.5).
Findings suggest that democratic countries can better cope with natural
disasters than autocracies. While democratic nations' income per capita
suffers, on average, most from the adverse effect of too much rain
(ﬂoods) or too little rain (droughts) (Panel C column (5)), per capita
GDP in autocratic nations is mainly reduced due to storms, droughts,
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Table 7
Growth effects of natural disasters by sample (1979–2010).
Dependent variable:

Δ ln GDP per capita

Sample:

Non-OECD

OECD

Low/middle
income

High
income

Democracy

Autocracy

(1)

(2)

(3)

(4)

(5)

(6)

PANEL A: Disaster Index
Disaster indexi,t

Observations
Adjusted R2
PANEL B: Disaster Index, weighted
Disaster index, weightedi,t
Observations
Adjusted R2
PANEL C: Disaster Intensity measures
Richter scalei,t
Wind speedi,t
Positive Δ raini,t
Droughti,t (dummy)
Δ temperaturei,t
Observations
Adjusted R2

−0.060***
(0.02)

−0.414*
(0.23)

−1.191*
(0.66)

−0.010
(0.02)

−0.017
(0.11)

−0.059*
(0.03)

1282
0.247

505
0.542

1165
0.238

622
0.418

1355
0.324

432
0.157

−0.060***
(0.01)
1282
0.247

−0.162
(0.36)
505
0.541

−1.488
(1.04)
1165
0.234

−0.043***
(0.01)
622
0.421

−0.049
(0.08)
1355
0.324

−0.066**
(0.03)
432
0.156

−0.190**
(0.07)
−0.243***
(0.07)
−0.022
(0.02)
−0.008
(0.01)
−0.070***
(0.02)
1282
0.246

2.100
(7.44)
−1.786*
(0.88)
−0.185
(0.46)
−0.096***
(0.02)
0.013
(0.04)
505
0.539

−20.096*
(11.44)
−4.456*
(2.57)
−0.002
(0.77)
0.062
(0.05)
−0.034
(0.03)
1165
0.238

−0.090
(0.08)
−0.033
(0.08)
−0.008
(0.01)
−0.017**
(0.01)
−0.047**
(0.02)
1355
0.422

−0.259
(1.71)
−0.059
(0.41)
−0.297***
(0.11)
−0.011**
(0.00)
−0.031
(0.02)
432
0.324

−0.221
(0.22)
−0.250**
(0.11)
−0.010
(0.01)
−0.048***
(0.01)
−0.100*
(0.06)
0.152

Note: ***, **, * denote signiﬁcance at the 1%, 5%, and 10% level, respectively. Standard errors reported in parenthesis. Controls, country and time ﬁxed effects included but not reported.
Controls included as of Table 5 column (6). Columns (3) to (5) use the classiﬁcation of income groups of the World Bank. Column (6) includes countries with a polity index above 0.5,
while column (7) includes those with a polity index below or equal to 0.5.

and extreme temperature events (Panel C column (7)). Summarizing,
high income (democratic) countries are more likely affected by meteorological and poorer countries by geophysical events.
3.4.2. Lagged effects of disasters
The neoclassical growth model predicts that disasters lower GDP per
capita on impact, i.e., their growth effect is negative in the very short
run. After the disaster, growth is temporarily higher than on the balanced growth back due to the concavity of the aggregate production
function (i.e., empirically, because the lagged level of GDP in the regressions has a negative sign). So far, our results are perfectly compatible
with this view. However, some observers believe that the forced replacement of the capital stock may temporarily increase the growth
rate of total factor productivity as newer capital goods are more efﬁcient
than once installed at earlier times (Caballero and Hammour, 1994).
Hence, in subsequent periods following the disaster growth may be
boosted by more than what the neoclassical model would suggest. To
capture this idea, we add ﬁve yearly lags of the disaster variables into
our growth regressions.
Fig. 3 illustrates the ﬁndings.47 All panels in the Figure show negative
impact effects which are, however, not always statistically signiﬁcant. In
some cases, we report positive and statistically signiﬁcant effects of past
disasters on growth. However, the sum of signiﬁcant coefﬁcients results
in a negative value for all cases. In the case of the aggregate indices
(unweighted and weighted), we ﬁnd a sum of −0.098 and −0.071, respectively, which amounts to a more negative effect than the one obtained in Table 5 (− 0.046 and − 0.063, respectively). So, disasters
have direct effects on GDP per capita in the years subsequent to their

47

Table B-X in the Web Appendix reports detailed results.

occurrence, but these effects are negative. This is most visible in the
case of earthquakes, where the sum of contemporaneous and lagged effects is about 5 times stronger than the contemporaneous one (see
Table 6). Similar ﬁndings obtain for the other disaster types except
storms (for which the negative impact effect is attenuated over time.)
Summarizing, there is no evidence against the simple neoclassical interpretation that natural disasters have negative growth effects on impact,
with GDP per capita converging back afterwards. Hence, disasters lower
the present value of per capita income.
3.4.3. Alternative estimation techniques
In our baseline estimations, we rely on the relatively long time dimension of our sample to minimize the Nickell bias. However, we
have also run regressions that explicitly deal with the issue. We estimate Eq. (1) by applying alternative estimators such as the Anderson–
Hsiao (Anderson and Hsiao, 1982) estimator, the two-step feasible
GMM (IV GMM) estimator, differenced GMM (Arellano and Bond,
1991), or system GMM (Arellano and Bover, 1995; Blundell and Bond,
1998). These methods rely on using lags as instruments for endogenous
variables.48
Across all methods, we ﬁnd that natural disasters negatively affect
income per capita. Results fully conﬁrm our previous ﬁndings, in particular when using the aggregate disaster indices (simple and weighted).
Point estimates of the disaster effect vary, but remain quantitatively

48
As T gets large, computational requirements increase substantially. For this reason, we
reduce the number of lagged values used as instruments for the two-step feasible GMM
and Anderson–Hsiao to a subset of available lagged values (see also Judson and Owen
(1999)). This increases the computational efﬁciency without signiﬁcantly detracting from
effectiveness. For differenced and systems GMM, we collapse available instruments to limit instrument proliferation and use the Windmeijer ﬁnite sample correction (Roodman,
2009).
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Fig. 3. The growth effect of disasters over time. Note: Each ﬁgure illustrates the impact of a disaster measure on per capita income over a 5 year time period, following a disaster in period 0.
With point estimates and 95% conﬁdence intervals. Estimates as of Table B-X in the Web Appendix.

similar to the baseline results. Table B-IIV in the Web Appendix reports
details of the results. Turning to speciﬁc disaster types, we conﬁrm that
earthquakes, storms, and temperature extremes decrease per capita income. In addition, using two-step feasible GMM in columns (2), we ﬁnd
also an adverse effect of droughts on income. In contrast, using systems
GMM in Panel C column (4), we ﬁnd only storms to have a negative impact on per capita GDP, all else insigniﬁcant.
4. Mediating factors
This section explores the importance of institutional quality, and
measures of openness in determining a country's ability to mitigate
the consequences of natural disasters on per capita income.49
Besides our two aggregate disaster indexes, we use earthquakes and
storms as examples of geophysical and meteorological natural disasters.50 Speciﬁcally, we estimate
Δ ln yi;t ¼ ðρ−1Þln yi;t−1 þ αDi;t þ β X i;t‐1 þ γDi;t  Z i;t−1 þ ν i þ νt
þ εi;t ;
ð3Þ

49
UNISDR (2013) provides an excellent discussion of exposure and vulnerability of
countries. In this section, we investigate economic factors that may affect countries' vulnerability. Also see Heatwole and Rose (2013) on an analysis of mediating factors for the
damage caused by earthquakes in the US.
50
We choose the examples of earthquakes and storms due to high data quality and because previous results were the most conclusive.

where all variables are as above and Di,t × Zi,t − 1 captures an interaction
term between the disaster variable and economic factors (degree of democratization, Sachs–Warner trade policy openness, Chinn–Ito ﬁnancial
openness, and lagged GDP per capita).51 The full set of country and time
ﬁxed effects and controls (including the direct effects of mediating factors) is included but not reported to conserve space. When we explore
the effect of interactions, we are aware that variables capturing disaster
events are exogenous by construction, while some economic factors are
potentially jointly determined with income per capita. As instruments
are not readily available for most variables in the panel framework,
we use the lagged value of economic variables, respectively, to attenuate the problem. We expect that higher openness makes it easier for
countries to absorb the shock of a disaster because replenishing of the
capital stock is sped up by the availability of foreign funds and investment goods. Also, we posit that higher values of the polity index
(more democratic participation) accelerate the reconstruction effort,
thereby making the effect of the disaster in its year of occurrence less
dramatic.
Table 8 reports the results. Columns (1) and (2) report results of the
aggregate indices. Both, for the unweighted and the weighted index, the

51
We have experimented with a longer list of potential mediating factors,
e.g., international development aid. Results have been inconclusive, so we do not report
them (but they are available upon request).
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Table 8
Mediating factors (1979–2010).
Dependent Variable:

Δ ln GDP per capita
(1)

Di,t
Di,t × Polityi,t − 1
Di,t × Tradei,t − 1
Di,t × Financei,t − 1
Di,t × GDPi,t − 1
Polity indexi,t − 1
Trade opennessi,t − 1
Financial opennessi,t − 1
ln GDP per capitai,t − 1
Observations
Adjusted R2

(2)

(3)

(4)

Disaster indices

Speciﬁc disasters

Simple

Weighted

Earthquakes

Storms

−2.148**
(0.96)
1.826**
(0.87)
1.164*
(0.61)
0.310***
(0.08)
−0.002
(0.00)
0.007
(0.02)
0.038***
(0.01)
0.007
(0.01)
−0.095***
(0.02)
1719
0.260

−2.383***
(0.83)
1.992**
(0.79)
1.287**
(0.51)
0.274***
(0.07)
0.001
(0.01)
0.007
(0.02)
0.039***
(0.01)
0.007
(0.01)
−0.095***
(0.02)
1719
0.258

−37.316***
(10.36)
36.461***
(11.59)
14.441**
(6.02)
7.380***
(2.10)
0.019
(0.02)
0.017
(0.02)
0.038***
(0.01)
0.008
(0.01)
−0.094***
(0.02)
1719
0.256

−8.922**
(4.12)
7.667**
(3.76)
4.603*
(2.60)
1.506***
(0.34)
−0.002
(0.00)
0.009
(0.02)
0.038***
(0.01)
0.007
(0.01)
−0.094***
(0.02)
1719
0.259

Note: ***, **, * denote signiﬁcance at the 1%, 5%, and 10% level, respectively. Robust standard errors reported in parentheses. Controls, country and time ﬁxed effects included
but not reported. Controls are included as of Table 4 column (1). Di,t is the disaster measure
indicated in the column headings.

direct effects of disasters on real GDP per capita are negative. The direct
effect of the polity index and the Chinn–Ito index of ﬁnancial openness
are positive (indicating that more democratic institutions and higher ﬁnancial openness spur growth), but statistically insigniﬁcant.52 The
Sachs–Warner index of trade openness, in contrast, is positive and statistically signiﬁcant. Countries in autarky (index of 0) forego a positive
growth effect reaching up to 3.8% in the case of complete openness.
This sign and signiﬁcance pattern is repeated in column (2). It also
holds when looking at speciﬁc types of natural disasters only, see columns (3) and (4).
Because the mediating factors exhibit strong pairwise correlation,
which impairs the exact attribution of quantitative effects, for illustration, we use a regression design that includes only one interaction
term at the time; see Table in the Web Appendix.53 We evaluate the estimates at different percentiles of the disaster intensity distribution and
at high, medium, and low values of the mediating factors. Starting with
the democratic orientation of countries, we ﬁnd that a (weighted) disaster index belonging to the 95% worst realizations, lowers GDP per capita
by at least 2.26% in autocratic countries (rescaled polity IV index of
0.05), but only by 0.29% in countries half way to democratic institutions
(polity IV index of 0.45). A disaster year at the 75% percentile lowers
GDP by at least 0.50% for autocratic countries, and by at least 0.06% for
mixed regimes. A similar picture emerges for the unweighted disaster
index and for earthquakes or storms. So, democratic countries suffer
dramatically lower GDP losses from disasters of given physical strength.
Similarly, the openness measures also help mitigating the negative
impact effects of disasters on GDP per capita. Focusing on the robustly

52
This is most likely due to the fact that identiﬁcation of the effects of these slow-moving
variables is hard in the presence of country ﬁxed effects.
53
While this setup reproduces the sign pattern obtained in Table 7 qualitatively, the
trade openness indicator does not turn out statistically signiﬁcant. Results on ﬁnancial
openness and democratic orientation hold up.

signiﬁcant ﬁnancial openness indicator, we ﬁnd that a disaster year belonging to the 95% percentile of the weighted disaster index, produces a
GDP per capita loss of 2.12% if the country is ﬁnancially very closed
(Chinn–Ito index of 0.1). If the country has intermediate openness of
0.4, the damage of the same disaster intensity is 1.43% of GDP per capita,
while it is 0.50 for ﬁnancially open countries (Chinn–Ito index of 0.8). A
disaster year at the 75th percentile reduces GDP per capita by 0.47%,
0.32% and 0.11 % for countries with low (0.1), intermediate (0.4), and
high (0.8) levels of ﬁnancial openness, respectively.
Hence, ﬁnancial openness helps deal with natural catastrophes, but
the mitigating power of inclusive democratic institutions seems to be
quantitatively more important. The empirical evidence for trade openness as a mediating factor is, however, weaker.

5. Concluding remarks
In the present paper, we present a new database on natural disasters
which is based on primary geophysical and meteorological sources, and
covers more than hundred countries over the years 1979 to 2010. Our
data is suitable for the analysis of the impact of natural disasters on
GDP per capita, as it builds on physical measures of disaster intensity,
such as Richter scale, VEI, wind speed, precipitation, and temperature.
We show that disaster information obtained from insurance data or
news (e.g., the so called EM-DAT data set) are not well suited for causal
analysis. First, those data suffer from a selection issue as the probability
of a disaster with given physical magnitude to be included depends on
the affected country's GDP per capita. Second, monetary disaster intensity measures correlate with GDP per capita of the affected country.
These features make it likely that regressing natural disasters on GDP
per capita leads to upwards-biased estimates.
In a next step, we examine the impact of natural disasters on per
capita GDP. Our ﬁndings provide very pervasive evidence that natural
disasters do indeed lower GDP per capita temporarily. Our key ﬁndings
are: A disaster in the top 1-percentile of the disaster index distribution
reduces GDP per capita by at least 6.83%, while the top 5-percentile disasters cause per capita income to drop at least by 0.33%, and the
smallest 25-percentile disasters cut GDP per capita by at most 0.01%. Results vary across country samples, with low and middle income countries experiencing the highest losses, and across disaster types. These
ﬁndings are well in line with a very simple neoclassical growth model,
in which disasters destroy part of the capital stock and where growth
in later periods is temporarily higher because of convergence to steady
state. We do not ﬁnd, that growth in later periods is higher due to the
disaster itself.
Moreover, we show that better institutional quality, higher openness to trade, and higher ﬁnancial openness help spur the economic reconstruction process so that the adverse effect of a natural disaster on
per capita income is reduced.
We believe that our comprehensive GeoMet data on pure physical
disaster intensity measures can be fruitfully applied to many other
questions, including the relation between disasters and trade patterns,
migration patterns, poverty, inequality, consumption, and investment
decisions, and many more. However, there remain limitations that
ﬁnd their best expression in the fact that the empirical models rarely explain more than a quarter in the variation of growth. This is not unusual
in cross-country growth regressions. However, in the present context, a
number of issues are worth pointing out: First, while undisputed
measures for the intensity of geophysical disasters exist, the same
cannot be said on meteorological phenomena whose temporal and spatial dimensions are more difﬁcult to capture. Moving beyond the
country-level analysis (to equally sized spatial units) is difﬁcult but
would undoubtedly make more credible estimates possible. Second,
the vulnerability of a country to natural disasters (beyond disasters actually happening), or its exposure merits more rigorous empirical
modeling.

G. Felbermayr, J. Gröschl / Journal of Development Economics 111 (2014) 92–106

105

Appendix A
(See Table A-I.)
Table A-I
Summary Table, full sample (N = 1787).
Variable

Mean

Std. dev. Source

Description

Δ ln GDP per capitai,t
ln GDP per capitai,t − 1
ln populationi,t − 1
Polity indexi,t − 1
Trade opennessi,t − 1
Interest ratei,t − 1
Domestic crediti,t − 1
Gross capital formationi,t − 1
Foreign direct
investmenti,t − 1
ln Inﬂationi,t − 1
Current account balancei,t − 1
Trade policy opennessi

0.049
8.528
9.666
0.733
0.744
0.007
0.635
0.053
0.028

0.057
1.215
1.441
0.313
0.497
0.012
0.496
0.169
0.043

PWT (7.0)
PWT (7.0)
PWT (7.0)
Polity IV (2010)
PWT (7.0)
WDI (2012)
WDI (2012)
WDI (2012)
WDI (2012)

Per capita GDP PPP growth.
GDP per capita.
Total population in thousands.
Polity index, normalized between 0 and 1.
Imports plus exports over GDP.
Real interest rate.
Domestic credit in banking sector (share of GDP).
Gross capital formation (share of growth).
Foreign direct investment, net inﬂows (share of GDP).

−5.148
−0.018
0.593

1.212
0.070
0.491

Financial opennessi,t− 1

1757

0.457

WDI (2012)
WDI (2012)
Sachs and Warner (1995),
Wacziarg and Welch (2008)
0.306

Inﬂation, consumer prices.
Current account balance (share of GDP)
Index of trade policy openness constructed by Sachs and
Warner (1995), extended by Wacziarg and Welch (2008).
Chinn & Ito (2008)

Richter scalei,t
VEIi,t
Wind speedi,t
Positive Δ raini,t

0.009
0.009
0.009
0.053

0.061
0.044
0.045
0.013

GeoMet-Data
GeoMet-Data
GeoMet-Data
GeoMet-Data

Droughti,t

0.009

0.127

GeoMet-Data

Absolute Δ temperaturei,t

0.009

0.004

GeoMet-Data

Disaster Indexi,t
Disaster Index, weightedi,t

0.041
0.041

0.199
0.209

GeoMet-Data
GeoMet-Data

EMDAT All Disasteri,t
EMDAT Large Disasteri,t
NatCatSERVICE All Disasteri,t
NatCatSERVICE Large
Disasteri,t

0.001
0.0002
0.004
0.00004

0.003
0.001
0.021
0.0003

EM-DAT (2012)
EM-DAT (2012)
Munich Re (2012)
Munich Re (2012)

Max. Richter scale by land area.
Max. Volcanic Eruption Index by land area.
Max. wind speed in knots by land area.
Max. positive difference total monthly rainfall from long run
monthly mean by land area.
One if precipitation in three months in a row, or at least in
5 months a year 50% below long run monthly precipitation
mean, zero otherwise, by land area.
Max. absolute difference in monthly temperature from long run
monthly mean by land area.
Sum of disaster types by land area.
Sum of disaster types weighted by country speciﬁc inverse of
standard deviations by land area.
All disasters by land area.
Large-scale disasters by land area, as deﬁned by decision rule.
All disasters by land area.
Large-scale disasters by land area, as deﬁned by decision rule.

Appendix B. Supplementary data
Supplementary data to this article can be found online at http://dx.
doi.org/10.1016/j.jdeveco.2014.07.004.
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