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This study re-examines the complex link between climate-
related disasters and economic growth in developing 
countries, with a focus on the specific vulnerabilities of 
Small Island Developing States (SIDS). It underscores 
the importance of combining diverse disaster metrics to 
fully capture the risks faced by SIDS. Using system GMM 
estimation, the analysis reveals that SIDS experience 
disproportionately severe medium-term growth setbacks 
compared to other developing nations, even after accounting 
for standard growth determinants. This can be linked to 
sector-specific pathways of vulnerability, as storms have a 
relatively more pronounced impact on services growth, and 
floods on industrial value-added growth.
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1. 
Introduction

Natural disasters are becoming a more prominent feature of our day-to-day lives. 
Scientific evidence has unequivocally warned that rising temperatures trigger an 
increase in the frequency and intensity of weather and climate extremes, with 
natural hazards entailing harsh socioeconomic impacts on the most vulnerable 
economies like Least Developed Countries (LDCs) or Small Island Developing 
States (SIDS) (Coronese et al., 2019; IPCC, 2022; UNCTAD, 2022).1 Moreover, 
this trend will continue to intensify as anthropogenic greenhouse gas emissions 
progressively destabilize the climate system and surface temperatures break 
record after record.

Against this background, several initiatives have been implemented to enhance 
the monitoring and assessment of disaster risks under the Sendai Framework for 
Disaster Risk Reduction.2 A range of alternative indicators have been proposed to 
gauge related countries’ vulnerabilities, including the Economic and Environmental 
Vulnerability Index, the University of Notre Dame’s Global Adaptation Initiative (ND-
GAIN) Index and the Multidimensional Vulnerability Index (United Nations, 2024a, 
2024b). Moreover, after years of intense negotiations, the 27th Conference of 
the Parties (COP 27) of the United Nations Framework Convention on Climate 
Change (UNFCCC) agreed to establish a fund for responding to loss and damage 
associated with the adverse effects of climate change, including extreme weather 
events and slow onset events (UNCTAD, 2023). 

If the ongoing improvements in disaster risk monitoring and the operationalization of 
the loss and damage fund testify to the growing relevance of this issue in international 
debates, the analysis of the impacts of natural disasters on macroeconomic 
variables warrants further research. In particular, the understanding of the nexus 
between natural disasters and economic growth – i.e. the key driver of countries’ 
capacity to sustainably mobilize resources for reconstruction and recovery – 
remains partial, or at best nuanced. The need for a fine-grained understanding of 
the relationship between natural disasters and growth is all the more pronounced 
in the case of LDCs and SIDS, for which data limitations have been most prevalent. 
1	 Hazards are defined as natural processes, such as storms or wildfires, that can trigger disasters 

only upon interaction with human-made features such as settlements, agriculture, infrastructure 
and the like (Chaudhary and Piracha, 2021). While acknowledging this important conceptual 
distinction, henceforth we refer to “natural disasters” in line with most of the literature concerned 
with the socio-economic impacts of natural hazards.

2	 The Sendai Framework for Disaster Risk Reduction 2015-2030 is a document adopted at the 
third UN World Conference on Disaster Risk Reduction, outlining four international priorities for 
action: (i) Understanding disaster risk; (ii) Strengthening disaster risk governance; (iii) Investing in 
disaster reduction for resilience and; (iv) Enhancing disaster preparedness for effective response, 
and to "Build Back Better".
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This paper contributes to filling this knowledge gap by empirically assessing the 
extent to which SIDS’ specificities translate into a differentiated pattern of impacts 
of climate-related natural disasters on economic growth.3  

The paper is structured as follows: Sections 2 and 3 outline related literature and 
discuss methodological issues, particularly those related to the measurement 
of natural disasters, and of SIDS’ specific vulnerabilities. Section 4 presents the 
econometric specification, and Section 5 examines the results. Sections 6 and 7 
provide some robustness checks and conclusions, respectively.

3	 For the purpose of this analysis we follow the criteria-based classification of SIDS discussed in 
MacFeely et al. (2021).
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2. 
Literature review

Natural disasters exert complex wide-ranging impacts on macroeconomic 
variables, from physical asset destruction to fiscal effects, and from productivity 
losses to reduced human capital investment, via health and education disruptions 
(Skidmore, 2022a; Ehlers et al., 2025). Disasters’ effects on GDP growth play an 
important role in this respect, as growth represents not only the path to recovery, 
but also a key driver of countries’ capacity to mobilize financial resources for 
reconstruction in a sustainable way. While a large body of literature has been 
devoted to this subject, its conclusions have so far offered a nuanced and 
somewhat inconclusive picture. 

On the one hand, theoretical considerations do not provide a decisive answer on the 
relationship between natural disasters and GDP growth (Cavallo et al., 2013). In the 
aggregate neoclassical framework (i.e. the so-called augmented Solow model), the 
destruction of human or physical capital provoked by a disaster can trigger short-
run growth spurts, as it triggers a temporary acceleration of investment to regain the 
steady-state equilibrium; however, this temporary adjustment is unlikely to affect 
the long-term growth determinant, namely technological progress. Endogenous 
growth theory offers even less clearcut predictions: in Schumpeterian models, 
natural disasters could even lead to higher growth by inducing reinvestments in 
new and more efficient vintages of capital; in so-called “AK models” with constant 
returns to capital/knowledge, the rate of growth would be unchanged, while in 
endogenous growth models with increasing returns, disasters would trigger a 
permanently lower growth path. 

On the other hand, the empirical literature yields varied conclusions, depending on 
factors, such as the type of disasters considered, the metrics used to assess their 
impact, the sample of countries and time period, the focus on temporary versus 
long-term effects, as well as the array of methodologies employed (Botzen et al., 
2019; Onuma et al., 2021; Cuaresma, 2022). In one of the seminal contributions on 
the subject, Skidmore and Toya (2002) show, using a cross-section of 89 countries, 
that climatic disasters are positively correlated with real GDP per capita growth, 
unlike their geological counterparts. The authors also find that higher frequencies 
of climatic disasters lead to stronger human capital accumulation and faster total 
factor productivity growth; a finding they interpret as a sign that disasters provide 
an incentive to update the capital stock with new vintages of technologies. The 
existence of similar “blessings in disguise effects” is also postulated by various 
studies on spatial economic resilience, underscoring effective public management 
as a key factor shaping the recovery (Nijkamp and Borsekova, 2019; Bănică et 
al., 2020). In the same vein, a study across United States’ counties estimated that 
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disasters triggering federal aid raise per capita personal income over the long run 
(8 years), while local population and employment remain unaffected (Roth Tran 
and Wilson, 2024).

These rather benign conclusions are, however, contradicted by a wide range of 
other empirical studies, finding either no systematic effects, or negative ones. 
Cuaresma (2022), for instance, employs Bayesian model averaging techniques 
on a sample of 123 countries, and finds a consistent lack of partial correlation 
between the risk of natural disasters and economic growth, with no systematic 
evidence of effect heterogeneity across income levels or regions. Cavallo et al 
(2022) find evidence of sizeable negative effects on growth when the severity of 
disasters is determined by the associated mortality, but negligible effects when 
severity is determined by the physical intensity (which implies a more balanced 
sample of developed and developing economies).

Again, numerous studies – mainly based on panel data techniques suitable to 
address endogeneity concerns – find evidence of a negative effects of natural 
disasters on countries’ economic growth (Noy, 2009; Raddatz, 2009; Hochrainer, 
2009; Loayza et al., 2012; Fomby et al., 2013; Felbermayr and Gröschl, 2014; 
Onuma et al., 2021; Naoaj, 2023; Ehlers et al., 2025). Though converging 
on the negative impacts of natural disasters on growth, this literature yields a 
nuanced picture in relation to the pattern and drivers of these results. Three main 
considerations stand out in this respect. First, most studies find heterogeneous 
impacts across countries, with nations at lower levels of income per capita and/
or with lower human capital typically suffering more severe shocks (Noy, 2009; 
Loayza et al., 2012; Fomby et al., 2013; Felbermayr and Gröschl, 2014; Onuma et 
al., 2021; Naoaj, 2023). Second, distinct sectoral impacts emerge across disaster 
types, whereby agriculture and industry display heightened vulnerability, notably 
to droughts and storms (Raddatz, 2009; Loayza et al., 2012; Fomby et al., 2013; 
Coulibaly et al., 2020; Naoaj, 2023; Ehlers et al., 2025). Third, the negative effects 
on economic growth can be largely traced to the most severe disasters, while 
for less intense ones some studies even find positive effects (Loayza et al., 2012; 
Fomby et al., 2013; Felbermayr and Gröschl, 2014; Onuma et al., 2021; Naoaj, 
2023).4 

Overall, the above picture points to the need to develop a more nuanced and 
context-specific understanding of the disaster-growth nexus, as “disasters can 
have differential effects depending on conditions, circumstances, study scope, and 
study design” (Skidmore, 2022b: 8). The present paper represents a step in that 
direction, unravelling the extent to which SIDS’ defining structural characteristics 
shape the relationship between natural disasters and growth. To the best of our 
knowledge, this is the first paper empirically testing whether these impacts in SIDS 
differ from those in other developing countries. 

4	  Interestingly, the choice of the metrics used to determine the intensity of the natural disasters – 
be it related to socio-economic dimensions or meteorological or geophysical ones – appears to 
have an important bearing on related findings, including by affecting the sample balance between 
developed and developing countries.
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More broadly, our contribution is also related to the recent policy research 
emphasizing the unique climate vulnerabilities of SIDS, the potential risks of a 
“climate-debt trap”, as well as the rising magnitude of loss and damage (Ishizawa 
and Miranda, 2019; Slany, 2020; IPCC, 2022; Addison et al., 2022; Park and 
Samples, 2024; Panwar et al., 2024; Tandrayen-Ragoobur et al., 2026). Much of 
this literature has focused on financial gaps and proposed mechanisms to address 
them, in line with the progress of international negotiations on the establishment 
and operationalization of the Loss and Damage Fund, as well as the growing call 
for boosting of adaptation finance. While this paper does not directly address 
financing issues, an accurate understanding of the relationship between natural 
disasters and growth remains a precondition to develop viable forms of financial 
support for vulnerable countries.
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3. 
Data and related sources

The present section discusses data issues and is divided into three parts. The 
first subsection examines disaster-related data at granular level, presents related 
descriptive statistics and explains the construction of the frequency and intensity 
measures utilized in the following econometric analysis. The second subsection 
links key methodological considerations with the specific traits of SIDS vulnerability, 
while the third discusses control variables. 

3.1 Natural disasters’ metrics
Like most of the empirical literature reviewed above, data on natural disasters is 
drawn from the Emergency Events Database - EM-DAT (Delforge et al., 2023). EM-
DAT provides core data on individual disasters, their location, date of occurrence, 
and their health and economic impacts, for 26,000 disasters worldwide, from 1900 
to the present. The database is compiled from various sources of information, 
including UN agencies, non-governmental organizations, insurance companies, 
research institutes, and press agencies. Disasters are recorded if they meet at 
least one of the following inclusion criteria: (i) at least ten deaths (including dead 
and missing); (ii) at least 100 affected (people affected, injured, or homeless); and 
(iii) a call for international assistance or an emergency declaration. These criteria 
confine the dataset to major disasters with considerable economic consequences. 

Since we focus on climate-related hazards, the analysis below is restricted to the 
following disaster types: droughts, floods, storms and a residual group including 
wildfires, extreme temperatures, wet mass movements and glacial lake outburst 
floods. Moreover, we circumscribe the sample to developing countries (as per 
M49 classification as of 2022). Finally, despite the existence of earlier data, we only 
focus on the 1979-2023 period to include a broader set of controls, some of which 
are not available before 1979, as well as to partly attenuate concerns about uneven 
data quality and improving coverage over time, which could generate spurious time 
biases. This choice is particularly important in the context of vulnerable countries 
such as SIDS, for which data availability and reliability are primary concerns.
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Table 1 provides the summary statistics at individual disaster level, from which 
several considerations can be drawn. First, data availability differs across the 
various metrics of impact. Compared to the total number of climate-related 
disasters in the sample, the share of missing observations reaches 17 per cent in 
the case of the affected population, 27 per cent for the number of deaths and as 
much as 69 per cent for total economic damage. This limitation seems particularly 
pronounced in the case of droughts and storms. Second, the impacts of climate-
related disasters display a marked variability across all dimensions.5 Third, while 
droughts are relatively rare, they tend to have by far the most severe human 
and socio-economic costs. This is presumably due to their prolonged effects on 
agricultural markets and broader macroeconomic fundamentals, via food prices 
and import bill, as well as to the wide-ranging and multifaceted harm caused by 
water scarcity. Floods, conversely, are relatively common representing over half 
of the disasters in our sample, but typically entail more circumscribed impacts. A 
similar assessment applies to storms.  

Table 1  
Granular summary statistics of disaster variables, developing countries, 
1979–2023 

5	  The coefficient of variation reaches 23 in the case of number of deaths, nine and four for affected 
population and total damage respectively.

N Mean Median SD Min Max

All Climate-Related Disasters 8,372      

 Total Deaths 6,099 225.9 17 5,171.6 1 300,000

 Total Affected 6,913 1,082,143.2 15,000 9,528,031.7 1 330,000,000

 Total Damage (‘000 US$) 2,609 455,845.9 45,000 1,798,851.2 3 40,000,000

Droughts 597      

 Total Deaths 49 11,921 80 49,151 2 300,000

 Total Affected 457 5,626,472.5 1,000,000 26,450,721 380 330,000,000

 Total Damage (‘000 US$) 133 822,046.2 120,000 1,737,184.4 50 13,755,200

Floods 4,320      

 Total Deaths 3,302 81.6 17 582 1 30,000

 Total Affected 3,881 955,876.1 15,480 8,412,859.4 2 239,000,000

 Total Damage (‘000 US$) 1,209 523,378.6 40,979 2,191,988.5 3 40,000,000

Storms 2,431      

 Total Deaths 1,884 244.9 13 4,562.5 1 138,866

 Total Affected 1,988 540,834.3 12,000 2,947,252.8 1 100,000,000

 Total Damage (‘000 US$) 1,145 346,127.6 44,000 1,216,977.9 5 25,000,000

Other Climate-Related Disasters 1,024      

 Total Deaths 864 72.8 25 179.8 1 2,541

 Total Affected 587 212,306.9 1,000 3,216,138.2 1 77,000,000

 Total Damage (‘000 US$) 122 417,122.1 29,500 2,042,828.9 10 21,100,000
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Looking at the evolution of climate-related disasters over time, EM-DAT data 
portend a substantial increase in the average frequency of climate-related disasters 
in developing countries, particularly between the early-1980s  and the early 2000s 
(Figure 1). This can be primarily traced to the rising number of floods, with more 
gentle but still upward trends for all other disaster types. While the increase is 
significant—with the average frequency of climate-related disasters rising five-fold 
in the last 25-30 years—it would be inaccurate to attribute this solely to global 
warming. Enhanced reporting practices have also contributed to this trend, as 
highlighted by Delforge et al. (2023). 

Figure 1 
3-year moving average of aggregate frequency of climate-related 
disasters, developing countries (1979-2023)

Before moving to control variables, it is worth highlighting the peculiarities of 
droughts. Compared to other hazards in our sample, droughts differ in two key 
ways. First, they are a slow-onset phenomenon whose beginning is generally 
difficult to detect. Moreover, they are not solely a physical phenomenon; rather, 
their impacts can be mitigated or exacerbated by human activities through water 
management, supply and demand. Second, droughts tend to have a much longer 
duration than other disaster types (Figure 2). In our sample the median duration of 
droughts reaches six months, compared to less than one month for other disaster 
types. Both these features have a bearing on droughts’ disproportionate human 
and socioeconomic impacts noted earlier in Table 1.
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Figure 2 
Duration by Disaster Type, Developing Countries (1979-2023)

Based on the granular data described above, the rest of the paper uses four 
complementary measures to gauge countries’ exposure to – or intensity of – natural 
disasters over a given period T. The first measure is the frequency of disasters, 
formally defined as 

where  is the number of disasters of type D occurring in country j in year t of 
period p (whose length is T years). A complementary measure is also introduced 
to account for the fact that larger countries tend to record a higher number of 
disasters: the normalized frequency

whereby the occurrence of disasters is normalized by land area. 
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Since the above measures do not convey any information about disasters’ 
human and socio-economic impact, a pair of complementary measures are also 
considered. The intensity of disasters is defined as

and the normalized intensity of disasters, which is defined by Loayza et al. (2012)6 
as

Similarly to the normalized frequency, the normalized intensity is expressed as a 
share of the total population thereby accounting for countries’ size. 

Subsequent sections of the paper will employ the above metrics both in aggregate 
form – that is, by aggregating all climate-related disasters – and by disaster type, 
to shed more light on their differential impacts. 

3.2 SIDS specificities through the lenses of 
disaster metrics
Considering the above metrics, the present subsection examines three facets of 
SIDS specificities that deserve careful consideration. First, “smallness” being a 
defining feature of the SIDS category, the normalization of natural disaster variables 
matters greatly. Figure 3 provides an easy way to visualize this point. The first panel 
depicts the scatterplot of frequency and normalized intensity of natural disasters 
for developing countries, SIDS and non-SIDS. SIDS appear to be characterized 
by relatively low frequency but high socio-economic impacts of natural disasters, 
but their situation seems only slightly different from other developing countries. 
By normalizing the frequency by land area on the horizontal axis (second panel), 
the peculiarity of SIDS surfaces markedly. Most of them appear clustered in the 
top right corner, with high normalized frequency and high normalized intensity, 
suggesting that, relative to their land size, they are disproportionately exposed to 
natural disasters on both accounts. This simple example points to the importance 
of triangulating the available metrics in a complementary way, as different choices 
may tease out or rather normalize crucial facets of vulnerability.

6	 The inclusion of the 0.3 weighting coefficient applied to the number of affected follows the exact 
definition of Loayza et al. (2012). 
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Figure 3 
Frequency, intensity and normalized frequency of natural disasters in 
developing countries (2021–2023)

Second, compared to other developing countries SIDS tend to be more exposed 
to certain types of disasters and less exposed to others (Figure 4). Between 1979 
and 2023, storms accounted for nearly 71 per cent of all recorded disasters in 
SIDS, in contrast to their 29 per cent share in all developing countries. Droughts 
are also somewhat over-represented in SIDS, making up 11 per cent of the total, 
compared to an average of 7 per cent across all developing countries. In contrast, 
floods are significantly under-represented in SIDS, comprising only 18 per cent of 
the total, while they account for 51 per cent in all developing countries. Similarly, 
other climate-related disasters are less common in SIDS, representing just 1 per 
cent of the total compared to 12 per cent in developing countries overall. Since 
different disaster types tend to have distinct effects on economic growth (see 
section 2), this pattern is crucial for accurately assessing the specific vulnerabilities 
of SIDS.

Figure 4 
Incidence of natural disasters, by region and type (1979–2023)
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Third, uneven data quality introduces potential biases and affects the suitability 
of the various metrics. Table 2 shows that data gaps are uneven across metrics, 
disaster types and regions. As is well known, data on total damages are 
exceptionally scarce in developing countries, and for this very reason they are 
not considered in the following analysis. Nonetheless, data gaps are extremely 
widespread for total affected people and fatalities, undermining the reliability of 
intensity measures. More specifically, the higher incidence of missing values for 
SIDS compared to other developing countries will likely to bias comparisons 
based on intensity measures. Similarly, the differential incidence of missing values 
across disaster types is likely to introduce additional biases, whose direction may 
be hard to predict. 

Table 2 
Percentage of missing data for socio-economic impacts of disasters, by 
type, metrics and region, (1979–2023) 

The bottom line is that triangulating metrics and exploiting their complementarities is 
fundamental for any empirical study on natural disasters, and all the more so if one 
intends to investigate the specificities of SIDS or other vulnerable country groups.

3.3 Dependent and control variables
After reviewing the disaster-related variables in detail, this subsection discusses 
other variables used in the following estimates. Except for natural disaster variables, 
all data are drawn from the World Bank’s World Development Indicators. 

The main dependent variable considered here is the average growth rate of real 
per capita Gross Domestic Product (GDP), over the period p. To gain further 
insights into the sectoral impacts of disasters, we estimate separate regressions 
using as dependent variables the average growth rate of real per capita Value 
Added in three main sectors: agriculture, forestry, and fishing; industry (including 
construction), and services. This multi-dimensional approach offers insights into 
how natural disasters affect different economic sectors. All the underlying variables 
are measured in constant 2015 US dollars and drawn directly from the World 
Development Indicators database, whereas we calculate per capita levels and 
growth rates. 

Country Groups Developing Countries SIDS

Disaster Type
 Total 

Affected
Total 

Fatalities
 Total 

Damages
 Total 

Affected
 Total 

Fatalities
 Total 

Damages

Drought 23% 92% 78% 45% 100% 87%

Flood 10% 24% 72% 11% 47% 56%

Storm 18% 23% 53% 23% 50% 50%

Other Climate-Related 
Disasters

43% 16% 88% 0% 50% 75%
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Control variables include standard growth determinants drawn from the empirical 
growth literature (Durlauf et al., 2005) and closely related to those used by similar 
studies adopting panel techniques (Raddatz, 2009; Loayza et al., 2012). These 
include:

•	 Initial enrolment, a measure of human capital, proxied by gross secondary 
school enrollment, and treated as a predetermined variable capturing the 
initial conditions;

•	 Financial depth, measured as domestic credit to private sector as a 
percentage of GDP;

•	 Government consumption expenditure as a share of GDP;

•	 Inflation, measured as the annual percentage change in Consumer Price 
Index with 100 added to ensure strictly positive values;

•	 Trade openness, defined as the ratio of imports plus exports, divided by 
GDP, which is a proxy for the economy's exposure to global markets, 
potentially affecting recovery dynamics after disasters;

•	 Terms of trade shocks, measured as the growth rate of net barter terms of 
trade, which can provide insights into how external economic conditions 
impact domestic growth.

Human capital enters the regressions as the logarithm of the initial value in 
period p, whereas financial depth, government consumption, inflation and trade 
openness enter as the logarithm of the corresponding period averages.7 Similar 
to the dependent variables, terms of trade shocks are included as the average 
growth rate over period p, in percentage terms.

In addition to the above, all regressions include the lagged dependent variable, to 
account for the dynamic nature of the growth process, as well as period dummies 
to capture global shocks across countries (think of the COVID-19 pandemic). The 
descriptive statistics of all socioeconomic variables are reported in Table 3.

Table 3 
Descriptive statistics of control variables included in the regressions

7	  The inflation variable is winsorized beyond 3 standard deviations around the median to address 
outliers related to cases of hyperinflation (20 yearly observations being winsorized).

  N Mean Median SD Min Max

GDP per capita Growth 730 1.717 1.957 3.274 -13.877 15.437

Initial Enrolment 730 3.921 4.204 .762 .755 4.95

Financial Depth 730 3.238 3.290 1.077 -5.286 5.155

Government Consumption 730 2.631 2.641 .377 1.38 3.758

Inflation 730 4.684 4.656 .146 4.557 6.888

Trade Openness 730 4.193 4.206 .496 2.504 5.901

Terms of Trade 730 .531 .191 9.495 -44.06 82.598
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4. 
Model Specifications and 
Estimation Strategy

We build on the framework of Loayza et al. (2012) and employ a GMM estimation 
approach to investigate the impact of natural disasters on economic growth. 
Subsection 4.1 introduces natural disasters into the growth equation and details the 
characteristics of the model. Subsection 4.2 then outlines the estimation strategy, 
with particular attention to its methodological underpinnings and assumptions. 

4.1 Introducing disaster variables into the growth 
model
We begin with the standard empirical growth equation, pioneered by Islam (1995):

 	 (1)

where  represents output growth (real GDP or real sectoral Value Added) in 
country j and year t. The vector  includes the growth determinants listed in 
Subsection 3.3, while  and   capture time-specific and country-specific fixed 
effects, respectively. Finally,  is the traditional error term. 

The lagged dependent variable  is included to account for predetermined 
conditions, making the model dynamic. We choose to include the lagged dependent 
variable rather than initial output, as the latter complicates the interpretation of 
coefficients. Specifically, even when the dependent variable is output growth, the 
model behaves like an AR (1) process for levels, causing every coefficient to reflect 
the impact on the speed of convergence. Moreover,  indicates the persistence 
of output growth, which is critical for assessing the significance of other variables. 
High persistence implies that even variables with significant coefficients may have 
limited importance for driving growth.

It is worth noting that gross capital formation (i.e. gross domestic investment), 
often considered an important determinant of growth, is deliberately excluded 
from . As argued in the literature (Skidmore and Toya, 2002; Hallegatte et al., 
2007), disasters can impact growth through two distinct channels: by affecting 
total factor productivity and through the capital channel via reconstruction efforts. 
Yet, to fully disentangle the two effects one would need to use a development 
accounting framework, since new vintages of capital may embody more productive 
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technologies.8 By omitting gross capital formation, the coefficients on disaster 
variables capture the overall effect of disasters on growth. In Section 6, capital 
investment will be reintroduced into the equation to distinguish between these two 
channels.

Before introducing the disaster measures, we transform the annual equation (1) into 
a 3-year period equation. This adjustment allows sufficient time for the economy 
to adjust to the shock created by the natural disaster. Our baseline 3-year period 
strikes a balance by capturing medium-term disaster impacts while ensuring a 
sufficiently large number of periods for the estimation. 

	 (2)

where  is the average real output growth rate in period p for country j. In 
 ,all variables are calculated as period averages, except for initial enrolment, 

which is expressed as the logarithm of enrolment rate in the first year of period p. 
The logarithms of financial depth, government consumption, inflation, and trade 
openness are taken after computing their period averages. Growth rates, namely 
output growth and terms of trade growth, remain expressed as percentages. 

As is common in the literature (Noy, 2009; Loayza et al., 2012; Felbermayr and 
Gröschl, 2014; De Oliveira, 2018), we assume that disasters follow a multiplicative 
risk formulation, which translates to an additive form in a logarithmic equation. 
Accordingly, we incorporate them into equation (2) as the logarithm of the disaster 
variables introduced in Subsection 3.1, which are already expressed in period 
average form. Furthermore, since natural disaster measures are positively skewed, 
taking their logarithm serves the dual purpose of linearizing the relationship and 
minimizing the impact of extreme values on the estimation.

One important consideration when taking the logarithm of disaster measures, 
which have a value of 0 for countries and periods with no disasters, is ensuring 
that these observations are not lost during the transformation. To address this, 
we replace zeros for each of the four disaster measures with one-tenth of the 
minimum non-zero value of that measure, calculated across its five associated 
variables (the combined variable and the four separate disaster type variables). 
This ensures that the distribution of disaster variables remains undistorted.

8	  Including investment in our specification may not suffice to disentangle the reconstruction 
and productivity effects, because the capital formation variable may well affect both channels 
simultaneously.
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The final baseline equation for estimation becomes 

	 (3)

where  can represent either:

•	 A aggregate metric  
capturing all disasters combined, or 

•	 A vector of four disaster types (droughts, floods, storms, and other climate-
related disasters), with each type measured by one of the four metrics.

4.2 Estimation Methodology
Moving to the characteristics of our model and the estimation strategy, the first 
issue with equation (3) is the presence of unobserved country- and period-fixed 
effects. Period-fixed effects are straightforward to handle using period dummies. 
However, the same does not apply to country-fixed effects for the following 
reasons.

As discussed earlier, we focus on the period 1979-2023. Although dividing data 
into 3-year periods instead of longer intervals lengthens the time dimension, the 
latter remains relatively small. In our baseline case with GDP per capita growth, 
we have N = 107 developing countries in our sample, making our panel a “small 
T, large N” type. This characteristic exacerbates the dynamic panel bias identified 
by Nickell (1981), which arises from the inclusion of a lagged dependent variable 
that is correlated with the error term. Therefore, country-fixed effects cannot be 
addressed using a within-group estimator, which becomes inappropriate as it 
produces downward-biased coefficients for the lagged dependent variable.9 

Given these characteristics, we use the system GMM estimator, developed by 
Blundell and Bond (1998), which is well-suited for such panel data. Building 
on Arellano-Bond's (1991) difference GMM, the Blundell-Bond’s system GMM 
combines equations in differences and levels into a single system. This approach 
addresses the weak instrumentation problem often faced with difference GMM, 
particularly when explanatory variables are persistent, while still removing 
unobserved country-fixed effects by first-differencing (Blundell and Bond, 1998; 
Roodman, 2009b).

9	 In contrast, OLS yields upward-biased estimates. Therefore, OLS and within-groups estimates 
provide a reasonable range for the lagged dependent variable coefficient. The OLS and within-
groups counterparts of our first regression table (Table 4) are presented in the Appendix.
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With the system GMM estimation technique, the following specification choices 
were made based on the characteristics of our data and the post-estimation tests:

•	 We use first difference transformation for equations in differences rather 
than orthogonal deviations. This choice is justified by the fact that the 
creation of 3-year periods and the use of period averages already produce 
a panel data structure without gaps.

•	 We employ two-step estimators, which are robust to heteroskedasticity 
and cross-correlation of errors (while we retain the assumption of no 
cross-sectional correlation across countries).  

•	 We use Windmeijer-corrected standard errors, which are particularly 
important for two-step estimation as they improve precision (Windmeijer, 
2005) and small sample adjustments. 

•	 The lagged dependent variable and initial enrolment are treated as 
predetermined.

•	 Financial depth, government consumption, inflation, trade openness 
and terms of trade are treated as endogenous (since they are potentially 
correlated with both current and lagged error terms), while disaster 
variables are assumed to be strictly exogenous.

•	 In line with standard practice, GMM-style instruments for the difference 
equation, start from the first lag of predetermined variables and the second 
lag of endogenous variables. For each instrument, 3 appropriate lags are 
used while instruments are collapsed to avoid overfitting.

•	 GMM-style instruments for the level equation are the first differences of 
predetermined variables and lagged differences of endogenous variables. 
These instruments are also collapsed.

•	 The following are the IV-style instruments: disaster variables, interaction 
terms, (discussed shortly), and period dummies that are included in the 
respective regressions.

We perform several tests to assess our model specification. First, the Arellano-
Bond test for serial correlation is applied. Given the first-difference equations, serial 
correlation in first differences is expected, so a non-rejection of the null hypothesis 
for the AR(1) test is consistent with the model. Conversely, rejection of the null 
hypothesis in the AR(2) test supports the model specification by confirming the 
absence of second-order serial correlation. Second, the Hansen test is used to 
evaluate the validity of the instruments, where failure to reject the null hypothesis 
suggests that the instruments are likely to be valid. We also carefully monitor the 
instrument count to ensure overfitting is avoided (Roodman, 2009a, 2009b).
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Unveiling the impact of disasters on SIDS and their unique vulnerabilities is 
particularly challenging. While the effect of each explanatory variable for growth 
in our model may potentially differ between SIDS and non-SIDS, estimating a 
fully SIDS-specific system GMM model with many variables is not feasible given 
the limited number of SIDS (only 28 countries). Instead, we isolate SIDS-specific 
impacts by introducing interaction terms between a SIDS dummy and disaster 
variables. This allows us to formally test whether disasters have systematically 
different effects in SIDS compared to other developing countries. This does not 
imply that the effects of non-interacted control variables are identical in SIDS and 
non-SIDS, but rather that we adopt a parsimonious specification identifying only 
the SIDS-specific disaster effect vis-à-vis the average effect across all developing 
countries.10

The SIDS dummy itself is not included in the regression because system GMM 
already accounts for unobserved country-specific effects and SIDS-specific 
effects are a subset of these. Moreover, we prefer system GMM over difference 
GMM because while the SIDS interaction terms are not entirely time-invariant (due 
to disaster variables), they are partially so because the SIDS dummy itself is time-
invariant. Had we used difference GMM, such time-invariant regressors would 
disappear after differencing.

10	  Estimating a fully interacted model, where all control variables differ by country category, is 
not feasible given our sample size, as it would severely reduce degrees of freedom and lead to 
overfitting and weak identification.
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5. 
Results

The estimation of equation (3) yields the results summarized in Table 4 when using 
system GMM, and in Appendix Table A.2, when utilizing Ordinary Least Square 
(OLS) or Within-Group (WG) estimators. Thereafter we will focus on the discussion 
of system GMM results. 

Starting with aggregate disaster variables (columns 1-4), system GMM estimates 
are in line with Loayza et al (2012): irrespective of the natural disaster metric 
utilized (frequency or intensity, normalized or not), natural disaster variables display 
a positive but non-significant coefficient. Among control variables, as expected, 
the coefficients of government consumption and inflation are negative and highly 
significant, while the one for trade openness is positive and significant. Neither the 
lagged dependent variable, nor the remaining controls yield a statistically significant 
coefficient (broadly similar to Table 2 of Loayza et al (2012), where neither initial 
output nor education had a statistically significant coefficient).11 Moreover, the 
serial-correlation tests AR(1) and AR(2), as well as the Hansen test, support the 
specification of the model. 

These results remain consistent when the various disaster types are separately 
included in the regressions (columns 5-8): none of the disaster variables is 
statistically significant, with droughts being the only disaster type yielding a negative 
coefficient. Loayza et al. (2012) find a significant negative coefficient for droughts 
and a positive significant coefficient for floods in their sample of 68 developing 
countries. We argue that the lack of significance in our results reflects the greater 
heterogeneity in our sample of 107 developing countries, where different countries 
exhibit differential effects of disasters.

11	 The lack of significance in the coefficient for the lagged dependent variable suggests that the 
persistence in growth is near-zero; which makes shocks such as natural disasters all the more 
relevant in shaping countries’ mid-term growth trajectory.
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Table 4 
Dependent Variable: GDPpc growth, Sample: 107 Developing Countries, 
1979-2023 (3-year period observations), Estimation Method: System 
GMM

Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
Period fixed effects are included (coefficients not reported)

 (1) (2) (3) (4) (5) (6) (7) (8)

VARIABLES FR N_FR Inten N_Inten FR N_FR Inten N_Inten

All Climate-Related 
Disasters

0.23
(0.20)

0.03
(0.06)

0.05
(0.05)

0.03
(0.04)

   

Droughts     
-0.09
(0.16)

-0.04
(0.05)

-0.02
(0.02)

-0.02
(0.02)

Floods     
0.16

(0.14)
0.03

(0.06)
0.04

(0.04)
0.03

(0.03)

Storms     
0.09

(0.13)
0.01

(0.04)
0.03

(0.03)
0.03

(0.03)

Other Climate-Related 
Disasters

    
0.15

(0.16)
0.06

(0.08)
0.05

(0.04)
0.04

(0.04)

Lagged Dependent 
Variable 

0.04
(0.10)

0.04
(0.10)

0.04
(0.09)

0.04
(0.09)

0.04
(0.10)

0.04
(0.10)

0.04
(0.10)

0.04
(0.10)

Initial Enrolment
-0.47
(0.93)

-0.60
(0.92)

-0.47
(0.97)

-0.54
(0.96)

-0.59
(1.03)

-0.73
(1.01)

-0.68
(1.08)

-0.72
(1.09)

Financial Depth
-0.27
(0.94)

-0.16
(0.93)

-0.26
(0.95)

-0.19
(0.94)

-0.30
(0.93)

-0.22
(0.93)

-0.31
(0.96)

-0.28
(0.96)

Government Consumption
-3.48*

(1.91)
-3.74**

(1.85)
-3.28*

(1.92)
-3.55*

(1.87)
-3.91**

(1.93)
-4.02**

(1.89)
-3.76*

(2.00)
-3.95**

(1.95)

Inflation
-5.08***

(1.79)
-5.21***

(1.84)
-4.83***

(1.75)
-4.96***

(1.78)
-5.38***

(1.85)
-5.42***

(1.84)
-5.22***

(1.88)
-5.29***

(1.88)

Trade Openness
2.65**

(1.12)
2.54**

(1.25)
3.05**

(1.27)
2.88**

(1.29)
2.53**

(1.21)
2.72**

(1.34)
2.77**

(1.23)
2.77**

(1.27)

Terms of Trade
0.01

(0.04)
0.01

(0.04)
0.00

(0.04)
0.01

(0.04)
0.01

(0.04)
0.01

(0.04)
0.00

(0.04)
0.00

(0.04)

Observations 730 730 730 730 730 730 730 730

Number of instruments 44 44 44 44 47 47 47 47

Arellano-Bond test for 
AR(1) in first differences

0.0004 0.0004 0.0003 0.0003 0.0006 0.0005 0.0005 0.0005

Arellano-Bond test for 
AR(2) in first differences

0.330 0.321 0.298 0.306 0.318 0.296 0.313 0.324

Hansen test of 
overidentifying restrictions

0.556 0.496 0.561 0.526 0.440 0.421 0.468 0.454
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To formally tease out SIDS specificities in relation to the disaster-growth nexus, in 
Table 5 we introduce interaction terms between a SIDS dummy and the relevant 
disaster variables. This step leaves earlier results qualitatively unchanged in terms 
of coefficients, significance, and plausibility of the specification, but allows for a 
formal test of whether SIDS are more adversely impacted by disasters compared 
to the average developing country. When aggregating all climate-related disasters, 
the inclusion of the interaction term highlights that SIDS tend to suffer significantly 
more than the average developing country, when the disaster variables are not 
normalized (columns 1 and 3); however, this “penalty” becomes insignificant if the 
intensity of disasters is assessed relative to land or population size (columns 2 and 
4). This finding essentially mirrors the visual intuition of Figure 3: the same disaster 
hitting two countries of widely different size will have a disproportionate impact on 
the growth trajectory of the smaller one; normalization, however, will obscure this 
aspect.

Interestingly, the comparison between SIDS and other developing countries 
becomes more nuanced when climate-related disasters are disaggregated by 
type, as in columns 5-8. In this respect, the following pattern emerges, irrespective 
of the metric utilized to capture natural disasters:

1.	SIDS’s economic growth appears to be significantly less affected by 
droughts, compared to other developing countries. Besides, the magnitude 
of related coefficients for SIDS and non-SIDS suggests that the net effect 
of droughts in the former might be tentatively positive.

2.	Conversely, SIDS’ growth trajectory tends to be more severely affected by 
both floods and storms, with an overall net negative impact in both cases. 
Even after controlling for the standard growth determinants, a 10 per cent 
increase in the 3-year period average frequency of storms and floods is 
associated with a 0.1 per cent reduction in SIDS medium-term growth of 
GDP per capita. This finding is of particular relevance, since – as seen in 
section 3.2 – floods and storms respectively account for 18 and 71 per 
cent of all climate-related disasters occurring in SIDS.12

12	 In addition to the points in the main text, which are valid across disaster metrics, it is worth noting 
that the coefficient for droughts is consistently negative for the average developing country, but 
is only significant when disasters are assessed using normalized frequency. This is expected, as 
data on the affected and fatalities are more frequently missing for droughts, as shown in Table 2, 
hence intensity measures may not adequately capture the severity of droughts.
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Table 5 
SIDS Interactions, Dependent Variable: GDPpc growth, Sample: 
107 Developing Countries, 1979-2023 (3-year period observations), 
Estimation Method: System GMM

Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
Period fixed effects are included (coefficients not reported)

 (1) (2) (3) (4) (5) (6) (7) (8)

VARIABLES FR N_FR Inten N_Inten FR N_FR Inten N_Inten

All Climate-Related 
Disasters

0.29
(0.20)

0.05
(0.06)

0.07
(0.05)

0.04
(0.03)

    

SIDS x All Disasters
-0.75**

(0.30)
-0.08
(0.07)

-0.16**

(0.07)
-0.08
(0.06)

    

Droughts     
-0.17
(0.16)

-0.09**

(0.05)
-0.03
(0.02)

-0.03
(0.02)

Floods     
0.21

(0.14)
0.08

(0.06)
0.05

(0.04)
0.05

(0.03)

Storms     
0.12

(0.13)
0.05

(0.05)
0.04

(0.04)
0.04

(0.03)

Other Climate-Related 
Disasters

    
0.10

(0.15)
0.04

(0.07)
0.04

(0.04)
0.04

(0.04)

SIDS x Droughts     
1.52***

(0.49)
0.37***

(0.13)
0.31***

(0.04)
0.25***

(0.04)

SIDS x Floods     
-0.96***

(0.29)
-0.28***

(0.08)
-0.24**

(0.09)
-0.17***

(0.06)

SIDS x Storms     
-0.83**

(0.33)
-0.20**

(0.08)
-0.16*

(0.08)
-0.13*

(0.06)

SIDS x Other Disasters     
-0.38
(0.46)

0.02
(0.12)

-0.33*

(0.18)
-0.03
(0.07)

Lagged Dependent 
Variable

0.03
(0.09)

0.03
(0.09)

0.04
(0.09)

0.04
(0.09)

0.04
(0.10)

0.05
(0.10)

0.04
(0.11)

0.04
(0.11)

Initial Enrolment
-0.57
(0.93)

-0.66
(0.92)

-0.42
(0.97)

-0.55
(0.95)

-0.60
(1.02)

-0.60
(1.03)

-0.76
(1.10)

-0.79
(1.12)

Financial Depth
-0.19
(0.90)

-0.16
(0.90)

-0.17
(0.93)

-0.20
(0.89)

-0.12
(0.86)

-0.19
(0.88)

-0.20
(0.94)

-0.19
(0.94)

Government Consumption
-3.71**

(1.85)
-3.91**

(1.83)
-3.19*

(1.86)
-3.79**

(1.86)
-4.19**

(1.88)
-3.99**

(1.84)
-3.75*

(1.96)
-3.84**

(1.92)

Inflation
-5.20***

(1.70)
-5.34***

(1.83)
-4.73***

(1.67)
-5.17***

(1.75)
-5.29***

(1.94)
-5.19***

(1.97)
-5.25***

(1.92)
-5.22***

(1.94)

Trade Openness
2.34*

(1.20)
2.31*

(1.34)
3.00**

(1.27)
2.64*

(1.38)
2.07*

(1.24)
2.19

(1.37)
2.33*

(1.31)
2.29*

(1.35)

Terms of Trade
0.02

(0.04)
0.01

(0.04)
0.01

(0.04)
0.01

(0.04)
0.01

(0.04)
0.01

(0.04)
0.01

(0.04)
0.01

(0.04)

Observations 730 730 730 730 730 730 730 730

Number of instruments 45 45 45 45 51 51 51 51

Arellano-Bond test for 
AR(1) in first differences

0.0004 0.0004 0.0004 0.0003 0.0008 0.0007 0.0009 0.001

Arellano-Bond test for 
AR(2) in first differences

0.314 0.324 0.276 0.302 0.372 0.342 0.426 0.436

Hansen test of 
overidentifying restrictions

0.582 0.525 0.521 0.554 0.413 0.369 0.376 0.369
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To shed further light on SIDS specificities and on the channels through which 
disasters affect their economic trajectory, in Table 6 the dependent variable is 
replaced with the corresponding growth in sectoral value added for agriculture, 
forestry and fisheries; industry (including construction) and services.13 After 
controlling for the standard growth determinants discussed earlier, we focus 
here on the comparison between natural disasters’ impact on SIDS and other 
developing countries, across economic sectors and by distinct disaster type.

Droughts have statistically negative effects on non-SIDS developing countries 
only when using the normalized frequency (as in Table 5), and this can be traced 
to their adverse impacts on both agriculture and services sectors. Results for 
droughts suggest that, at least when using intensity measures (normalized or not), 
in SIDS the services sector tends to be spared from the negative repercussions of 
droughts. Indeed, the corresponding interaction terms have positive and significant 
coefficients, whose size exceeds the coefficient for non-SIDS developing countries. 
Our interpretation of this finding is that, as the primary sector suffers from drought 
(albeit far less than in other developing countries), activities in the case of SIDS can 
shift more easily towards the services sector, which is structurally characterized by 
shallow intersectoral linkages with drought-exposed activities.14

As for floods, while they display insignificant coefficients for non-SIDS developing 
countries, their interaction with the SIDS dummy yields a statistically significant 
negative impact on industrial value-added growth. Moreover, this finding holds 
irrespective of the disaster metrics adopted. This indicates that SIDS heightened 
vulnerability to floods may be largely explained by their damaging impact on 
industrial growth. Moving to the comparison between the effect of storms 
on developing countries and SIDS, Table 6 suggests that – irrespective of the 
disaster metric used – storms take a significantly harder toll on services’ growth in 
SIDS. Considering the incidence of storms in SIDS, as well as the preponderant 
contribution of services to their economies, this is arguably the main driver of SIDS’ 
heightened vulnerability to natural disasters. For instance, even if climate-resilient 
infrastructure may resist, one could think of the costly disruptions that storms 
entail for key activities such as tourism, trade and transport, which constitute the 
backbone of SIDS economies. 

13	 Sectoral value-added growth data is less widely available compared to GDP growth, leading to 
a decrease in the number of observations included in the regressions: from 730 to 672, 656, 
and 632 for agriculture, industry, and services, respectively. It should be noted that this reduction 
decreases the precision of the estimates

14	 Notably, SIDS are characterized by a heightened food import dependence regardless of natural 
disasters, with key activities such as trade or tourism having shallow intersectoral linkages with the 
domestic agriculture. In such a context, the occurrence of a drought is unlikely to trigger adverse 
impacts beyond the primary sector (unlike in other developing countries where intersectoral 
linkages are stronger); rather drought may push workers to non-farming activities that are less 
exposed to water scarcity, such as services.
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Table 6 
SIDS Interactions, Sectoral Output, Sample: 105 Developing Countries, 
1979-2023 (3-year period observations)

Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
Period fixed effects and control variables are included as in Table 5 (coefficients not reported)

 (1) (2) (3) (4) (5) (6)

Agricultural 
growth

Industrial 
growth

Service 
growth

Agricultural 
growth

Industrial 
growth

Service 
growth

DISASTER MEASURE FREQUENCY NORMALIZED FREQUENCY

Droughts
-0.28
(0.19)

0.03
(0.30)

-0.20
(0.16)

-0.13*

(0.07)
-0.02
(0.11)

-0.12**

(0.05)

Floods
0.02

(0.27)
-0.08
(0.31)

0.19
(0.23)

-0.03
(0.10)

-0.04
(0.13)

0.05
(0.10)

Storms
-0.12
(0.23)

-0.04
(0.26)

0.07
(0.16)

-0.04
(0.11)

-0.04
(0.12)

0.05
(0.07)

Other Climate-Related 
Disasters

0.18
(0.20)

0.22
(0.26)

0.23
(0.18)

0.10
(0.10)

0.03
(0.11)

0.07
(0.09)

SIDS x Droughts
0.17

(0.94)
-0.09
(0.84)

1.09
(1.11)

0.10
(0.22)

-0.02
(0.22)

0.26
(0.24)

SIDS x Floods
-0.02
(0.55)

-1.50**

(0.62)
-0.41
(0.62)

0.02
(0.18)

-0.41**

(0.19)
-0.12
(0.16)

SIDS x Storms
-0.58
(0.44)

-0.31
(0.70)

-0.68*

(0.38)
-0.09
(0.13)

-0.01
(0.20)

-0.19*

(0.10)

SIDS x Other Climate-Related 
Disasters 

0.46
(1.11)

1.10
(1.19)

-0.30
(0.83)

0.00
(0.31)

0.33
(0.33)

-0.00
(0.21)

DISASTER MEASURE INTENSITY NORMALIZED INTENSITY

Droughts
-0.04
(0.03)

-0.01
(0.05)

-0.03
(0.03)

-0.05
(0.03)

-0.01
(0.05)

-0.04
(0.03)

Floods
0.01

(0.06)
-0.01
(0.08)

0.03
(0.06)

-0.00
(0.05)

-0.01
(0.06)

0.02
(0.05)

Storms
-0.01
(0.06)

0.01
(0.06)

0.02
(0.04)

-0.00
(0.06)

0.01
(0.06)

0.02
(0.04)

Other Climate-Related 
Disasters

0.07
(0.06)

0.04
(0.07)

0.06
(0.05)

0.07
(0.05)

0.03
(0.06)

0.04
(0.04)

SIDS x Droughts
-0.17
(0.14)

-0.19
(0.20)

0.42**

(0.19)
-0.12
(0.10)

-0.12
(0.13)

0.34**

(0.15)

SIDS x Floods
-0.07
(0.13)

-0.48**

(0.21)
-0.05
(0.11)

-0.04
(0.11)

-0.34**

(0.14)
-0.02
(0.08)

SIDS x Storms
-0.04
(0.11)

-0.14
(0.16)

-0.19*

(0.11)
-0.05
(0.09)

-0.08
(0.12)

-0.14*

(0.08)

SIDS x Other Climate-Related 
Disasters

0.47
(0.29)

0.09
(0.42)

-0.40*

(0.20)
0.25

(0.17)
0.40*

(0.22)
-0.21
(0.13)
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6. 
Robustness checks

In this section, we conduct two robustness checks. For each, we replicate Table 5 
using alternative specifications. While all variables from Table 5 are included in the 
regressions, we present only the coefficients for disaster variables and their SIDS 
interaction terms, due to space constraints and considering that our focus is the 
SIDS-specific traits of vulnerability. Full regression tables can be found in Tables A.3 
and A.4 in the Appendix. For all robustness checks, the Hansen test and Arellano-
Bond autocorrelation tests confirm the validity of our model specifications.

6.1 Capital Investment
Our first robustness check involves including capital investment as an additional 
endogenous control variable. The aim is to compare the results in Table 7, part 
1 with those in Table 5 to assess whether reconstruction efforts in SIDS mitigate 
the impact of natural disasters.15 Specifically, we ask: are reconstruction efforts 
“building back better”? 

If reconstruction efforts mitigate the impacts of disasters, we expect to observe 
the following changes:

1.	For positive disaster impacts, the coefficient of the disaster variable should 
decrease, as investment is expected to capture part of the effects of 
reconstruction activity rather than the disaster itself.

2.	For negative disaster impacts, the coefficient should further decrease, as 
the partly offsetting reconstruction efforts are no longer reflected in the 
disaster and interaction coefficients, but rather explicitly accounted for 
through capital investment.

15	 For the sake of readability, results pertaining to the regression specification tests and the effects 
of the other explanatory variables are not displayed in Table 7, but they can be found in the 
Appendix. This footnote briefly comments on them for completeness. Concerning the other growth 
determinants, the signs of related coefficients are in line with those of Table 5 (i.e. positive for 
trade openness and terms of trade and negative for initial enrolment, financial depth, government 
consumption and inflation), with broadly similar levels of significance. The investment variable in 
the first robustness check yields a positive but insignificant coefficient across all specifications.



28

Working 
paper 

#12 
February 2026

Examining the point estimates of Frequency in Table 7, part 1, including capital 
investment as a control variable produces the following changes in SIDS:

•	 The net effect of all climate-related disasters improves from -0.46 to -0.35.

•	 The net effect of droughts decreases from 1.35 to 1.10.

•	 The negative impact of floods is lessened, with the net effect improving 
from -0.75 to -0.43.

•	 The net effect of storms remains negative and virtually unchanged, moving 
slightly from -0.71 to -0.73.

Similar patterns are observed with other metrics, although including capital 
investment reduces the significance of the coefficients in the regressions using 
Intensity and Normalized Intensity measures.

For droughts, reconstruction efforts in SIDS  appear to reduce the positive effects. 
However, for all disasters combined and floods, the net impact becomes less 
negative instead of more negative. If reconstruction efforts were truly effective and 
if capital formation positively influenced growth, we would expect these coefficients 
to become more negative, as the direct impact of disasters would be isolated from 
any positive effects of reconstruction.

The fact that the coefficients become less negative suggests that reconstruction 
efforts in SIDS are either limited or ineffective in mitigating the negative impacts 
of disasters. This is likely to reflect structural constraints in SIDS, such as limited 
financial resources, weak institutional capacity or the scale of destruction relative 
to the size of their economies, which collectively hinder effective post-disaster 
recovery. This highlights yet another facet of SIDS’ vulnerability. 

6.2 Subsample Stability
Given concerns regarding the lower quality of EM-DAT data before 2000, we test 
whether the SIDS differences identified in Table 5 hold across a subsample of 
post-2000 data.

With fewer observations (533), some significance is lost. However, the signs of the 
coefficients remain robust and are mostly still significant. The results, presented 
in Table 7, part 2, confirm that being a SIDS provides a relative advantage when 
facing droughts but poses a considerable disadvantage when confronted with 
storms and floods.
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Table 7 
Robustness Checks. SIDS Interactions, Dependent Variable: GDPpc 
growth, Estimation Method: System GMM

Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
Period fixed effects and control variables are included as in Table 5 (coefficients not reported)

(1) (2) (3) (4) (5) (6) (7) (8)

VARIABLES FR N_FR Inten N_Inten FR N_FR Inten N_Inten

1.  Investment. Sample: 101 Developing Countries, 1979-2023 (3-year period observations) 

All Climate-Related Disasters
0.22

(0.22)
0.03

(0.05)
0.04

(0.05)
0.03

(0.04)
    

SIDS x All Disasters
-0.57*
(0.29)

-0.05
(0.06)

-0.14
(0.09)

-0.06
(0.05)

    

Droughts     
-0.17
(0.19)

-0.08
(0.06)

-0.03
(0.03)

-0.03
(0.03)

Floods     
0.14

(0.16)
0.05

(0.07)
0.04

(0.05)
0.03

(0.04)

Storms     
0.09

(0.15)
0.03

(0.06)
0.03

(0.04)
0.03

(0.04)

Other Climate-Related Disasters     
0.05

(0.17)
0.02

(0.08)
0.03

(0.05)
0.03

(0.05)

SIDS x Droughts     
1.27**

(0.57)
0.30**

(0.15)
0.28***

(0.05)
0.21***

(0.04)

SIDS x Floods     
-0.57**

(0.27)
-0.18**

(0.08)
-0.17*

(0.09)
-0.13*

(0.06)

SIDS x Storms     
-0.82**

(0.41)
-0.19*

(0.10)
-0.14
(0.09)

-0.10
(0.08)

SIDS x Other Climate-Related 
Disasters

    
-0.46
(0.57)

-0.02
(0.15)

-0.32
(0.21)

-0.05
(0.09)

2.  Subsample Stability. Sample: 106 Developing Countries, 2000-2023 (3-year period observations) 

All Climate-Related Disasters
0.38

(0.32)
0.02

(0.06)
0.11

(0.08)
0.02

(0.05)
    

SIDS x All Disasters
-0.52
(0.34)

0.02
(0.06)

-0.23**
(0.10)

-0.01
(0.05)

    

Droughts     
-0.08
(0.20)

-0.06
(0.07)

-0.03
(0.03)

-0.03
(0.03)

Floods     
0.28

(0.21)
0.14*

(0.08)
0.08

(0.06)
0.07

(0.05)

Storms     
0.11

(0.20)
0.07

(0.08)
0.06

(0.05)
0.06

(0.04)

Other Climate-Related Disasters     
0.31

(0.19)
0.11

(0.08)
0.10**

(0.05)
0.09**

(0.04)

SIDS x Droughts     
1.39*

(0.72)
0.33*

(0.20)
0.29***

(0.07)
0.23***

(0.05)

SIDS x Floods     
-0.71*

(0.38)
-0.27**

(0.11)
-0.20*

(0.11)
-0.16**

(0.08)

SIDS x Storms     
-0.66**

(0.29)
-0.16*

(0.09)
-0.14
(0.09)

-0.12*

(0.07)

SIDS x Other Disasters     
-0.28
(0.70)

0.07
(0.21)

-0.11
(0.18)

0.03
(0.09)
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7. 
Conclusions 

This study reassesses the complex relationship between climate-related disasters 
and economic growth in developing countries, with the aim of unpacking the 
specific facets of vulnerability faced by SIDS. It provides a close analysis of different 
disasters’ metrics and their suitability to capture SIDS’ specificities. It then formally 
tests the extent to which SIDS’ characteristics translate into a differentiated impact 
of climate-related disasters compared to other developing countries. The analysis 
points to four take-away messages.

First, it underscores the need to triangulate various disaster metrics complementarily, 
and to pay special attention to related normalization practices, in order to fully 
capture the risks faced by vulnerable countries. Moreover, considering the 
pervasiveness of data gaps, our analysis also highlights the imperative of scaling up 
data collection efforts – including through advanced technologies such as satellite 
imagery – to enhance the monitoring of disasters’ impacts. These efforts are all 
the more indispensable to ensure the effective working of the recently established 
Loss and Damage Fund.

Second, using system GMM estimation, this analysis reveals that, even after 
accounting for standard growth determinants, SIDS experience disproportionately 
severe medium-term growth setbacks compared to other developing nations. In this 
respect, we formally test and vindicate the presence of a heightened vulnerability 
of SIDS to climate-related natural disasters, but this is clearly visible only when 
using disaster measures that do not mask the effect of smallness, namely those 
that are not normalized. A key implication, considering that storms account for the 
lion’s share of climate-related disasters hitting SIDS, is that disaster preparedness 
and climate-resilient infrastructure cannot but be top priorities for SIDS economies.

Third, our study confirms that diverse disaster types entail distinctive shocks on 
the medium-term growth trajectory of SIDS and other developing countries alike. 
Hence, detailed and disaggregated assessments of related risks are required not 
only to ensure adequate preparedness, but also to anticipate potential economic 
impacts and develop effective economic policy responses.

Last, our study shows that the interplay between disaster patterns and sectoral 
dynamics plays a fundamental role in shaping related economic shocks on the 
country’s medium-term growth trajectory. In the case of SIDS, whose economies 
are poorly diversified and highly dependent on volatile services exports (notably 
through tourism), economic diversification emerges as a key avenue to mitigate 
the exposure to shocks and build endogenous resilience.
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APPENDIX. 

Table A.1 
Descriptive statistics of disaster variables included in the regressions

N Mean Median SD Min Max

a. Frequency

All Climate-Related Disasters 730 -.504 -0.203 1.787 -3.401 3.39

Droughts 730 -2.75 -3.401 1.096 -3.401 .981

Floods 730 -1.219 -1.099 1.784 -3.401 2.639

Storms 730 -2.15 -3.401 1.668 -3.401 2.565

Other Climate-Related Disasters 730 -2.521 -3.401 1.436 -3.401 1.735

b. Normalized Frequency

All Climate-Related Disasters 730 -13.773 -12.932 3.608 -20.013 -6.292

Droughts 730 -18.358 -20.013 2.901 -20.013 -7.162

Floods 730 -15.366 -13.966 3.644 -20.013 -7.23

Storms 730 -17.002 -20.013 3.977 -20.013 -6.469

Other Climate-Related Disasters 730 -18.148 -20.013 2.999 -20.013 -9.801

c. Intensity 

All Climate-Related Disasters 730 6.337 8.301 6.538 -4.605 17.802

Droughts 730 -1.036 -4.605 6.751 -4.605 17.371

Floods 730 4.042 6.946 6.901 -4.605 17.486

Storms 730 .242 -4.605 6.505 -4.605 16.389

Other Climate-Related Disasters 730 -1.715 -4.605 4.902 -4.605 15.857

d. Normalized Intensity 

All Climate-Related Disasters 730 -10.378 -7.792 6.842 -22.372 -1.947

Droughts 730 -18.595 -22.372 7.116 -22.372 -2.341

Floods 730 -13.112 -9.436 7.182 -22.372 -2.924

Storms 730 -17.075 -22.372 6.953 -22.372 -1.947

Other Climate-Related Disasters 730 -19.421 -22.372 4.993 -22.372 -3.546
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Table A.2 
Dependent Variable: GDPpc growth, Sample: 107 Developing Countries, 1979-2023 (3-year period observations)

Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
Period fixed effects are included (coefficients not reported)

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) (16)

 OLS WG OLS WG OLS WG OLS WG OLS WG OLS WG OLS WG OLS WG

VARIABLES FR FR N_FR N_FR Inten Inten N_Inten N_Inten FR FR N_FR N_FR Inten Inten N_Inten N_Inten

All Climate-Related 
Disasters

0.32***

(0.07)
0.01

(0.11)
0.08**

(0.03)
0.01

(0.04)
0.08***

(0.02)
0.00

(0.03)
0.06***

(0.02)
0.00

(0.02)         

Droughts         0.04
(0.11)

-0.12
(0.12)

0.01
(0.04)

-0.04
(0.04)

-0.00
(0.02)

-0.03*

(0.02)
-0.00
(0.02)

-0.03*

(0.02)

Floods         0.28***

(0.08)
0.08

(0.11)
0.10***

(0.03)
0.02

(0.04)
0.08***

(0.02)
0.03

(0.03)
0.07***

(0.02)
0.02

(0.02)

Storms         0.00
(0.08)

-0.06
(0.12)

-0.02
(0.03)

-0.01
(0.04)

0.01
(0.02)

0.00
(0.03)

0.01
(0.02)

0.00
(0.02)

Other Climate-Related 
Disasters         0.21**

(0.10)
-0.08
(0.12)

0.08*

(0.04)
-0.02
(0.05)

0.06**

(0.03)
-0.01
(0.03)

0.05*

(0.02)
-0.01
(0.03)

Lagged Dependent 
Variable

0.17***

(0.04)
-0.12***

(0.04)
0.18***

(0.04)
-0.12***

(0.04)
0.17***

(0.04)
-0.13***

(0.04)
0.18***

(0.04)
-0.13***

(0.04)
0.16***

(0.04)
-0.13***

(0.04)
0.17***

(0.04)
-0.13***

(0.04)
0.15***

(0.04)
-0.13***

(0.04)
0.16***

(0.04)
-0.13***

(0.04)

Initial Enrolment 0.35*

(0.20)
0.06

(0.44)
0.37*

(0.20)
0.06

(0.44)
0.43**

(0.20)
0.06

(0.44)
0.43**

(0.20)
0.07

(0.44)
0.29

(0.21)
0.09

(0.44)
0.34

(0.21)
0.09

(0.44)
0.30

(0.21)
0.07

(0.44)
0.33

(0.21)
0.08

(0.44)

Financial Depth 0.04
(0.12)

-1.14***

(0.32)
0.12

(0.12)
-1.14***

(0.32)
0.08

(0.12)
-1.14***

(0.32)
0.11

(0.12)
-1.14***

(0.32)
0.02

(0.12)
-1.14***

(0.32)
0.11

(0.12)
-1.15***

(0.32)
0.03

(0.12)
-1.17***

(0.32)
0.07

(0.12)
-1.17***

(0.32)

Government 
Consumption

-0.97***

(0.33)
-0.66
(0.63)

-1.20***

(0.32)
-0.66
(0.63)

-1.03***

(0.32)
-0.66
(0.63)

-1.14***

(0.32)
-0.66
(0.63)

-0.88***

(0.33)
-0.67
(0.63)

-1.01***

(0.33)
-0.64
(0.63)

-0.79**

(0.33)
-0.62
(0.63)

-0.91***

(0.33)
-0.61
(0.63)

Inflation -2.76***

(0.84)
-4.83***

(0.88)
-2.66***

(0.85)
-4.83***

(0.88)
-2.80***

(0.84)
-4.83***

(0.88)
-2.77***

(0.84)
-4.83***

(0.88)
-2.83***

(0.84)
-4.82***

(0.89)
-2.73***

(0.84)
-4.81***

(0.88)
-2.73***

(0.84)
-4.67***

(0.89)
-2.77***

(0.84)
-4.68***

(0.89)

Trade Openness 0.47*

(0.27)
2.32***

(0.52)
0.12

(0.26)
2.33***

(0.52)
0.36

(0.27)
2.32***

(0.52)
0.20

(0.26)
2.32***

(0.52)
0.68**

(0.28)
2.32***

(0.52)
0.36

(0.27)
2.32***

(0.52)
0.67**

(0.28)
2.30***

(0.52)
0.47*
(0.27)

2.30***

(0.52)

Terms of Trade 0.00
(0.01)

0.01
(0.01)

0.00
(0.01)

0.01
(0.01)

0.00
(0.01)

0.01
(0.01)

0.00
(0.01)

0.01
(0.01)

0.00
(0.01)

0.01
(0.01)

0.00
(0.01)

0.01
(0.01)

0.00
(0.01)

0.00
(0.01)

0.00
(0.01)

0.00
(0.01)

Constant 14.26***

(4.38)
21.06***

(5.21)
16.22***

(4.41)
21.18***

(5.25)
13.88***

(4.39)
21.04***

(5.21)
15.66***

(4.39)
21.04***

(5.21)
14.71***

(4.39)
20.41***

(5.28)
17.15***

(4.47)
19.71***

(5.47)
12.77***

(4.40)
20.30***

(5.22)
15.88***

(4.41)
19.87***

(5.30)

Observations 730 730 730 730 730 730 730 730 730 730 730 730 730 730 730 730

R-squared 0.24 0.26 0.23 0.26 0.24 0.26 0.23 0.26 0.25 0.27 0.24 0.27 0.26 0.27 0.25 0.27
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Table A.3 
Robustness Checks: Investment. SIDS Interactions, Dependent Variable: GDPpc growth, Sample: 101 Developing Countries, 
1979-2023 (3-year period observations)
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(1) (2) (3) (4) (5) (6) (7) (8)

VARIABLES FR N_FR Inten N_Inten FR N_FR Inten N_Inten

All Climate-Related Disasters 0.22
(0.22)

0.03
(0.05)

0.04
(0.05)

0.03
(0.04)

SIDS x All Disasters -0.57*
(0.29)

-0.05
(0.06)

-0.14
(0.09)

-0.06
(0.05)

Droughts -0.17
(0.19)

-0.08
(0.06)

-0.03
(0.03)

-0.03
(0.03)

Floods 0.14
(0.16)

0.05
(0.07)

0.04
(0.05)

0.03
(0.04)

Storms 0.09
(0.15)

0.03
(0.06)

0.03
(0.04)

0.03
(0.04)

Other Climate-Related Disasters 0.05
(0.17)

0.02
(0.08)

0.03
(0.05)

0.03
(0.05)

SIDS x Droughts 1.27**

(0.57)
0.30**

(0.15)
0.28***

(0.05)
0.21***

(0.04)

SIDS x Floods -0.57**

(0.27)
-0.18**

(0.08)
-0.17*

(0.09)
-0.13*

(0.06)

SIDS x Storms -0.82**

(0.41)
-0.19*

(0.10)
-0.14
(0.09)

-0.10
(0.08)

SIDS x Other Disasters -0.46
(0.57)

-0.02
(0.15)

-0.32
(0.21)

-0.05
(0.09)

Investment / GDP 1.62
(2.73)

1.73
(2.98)

1.35
(2.52)

1.73
(2.80)

1.26
(2.66)

1.64
(2.74)

1.03
(2.87)

1.12
(2.87)

Lagged Dependent Variable -0.06
(0.12)

-0.04
(0.12)

-0.05
(0.11)

-0.04
(0.11)

-0.05
(0.13)

-0.05
(0.13)

-0.05
(0.13)

-0.05
(0.13)

Initial Enrolment -0.22
(1.36)

-0.17
(1.19)

-0.12
(1.32)

-0.17
(1.33)

-0.45
(1.73)

-0.52
(1.70)

-0.60
(1.87)

-0.65
(1.88)

Financial Depth -0.29
(1.08)

-0.36
(0.95)

-0.21
(1.01)

-0.32
(1.01)

-0.04
(1.04)

-0.03
(1.04)

-0.20
(1.10)

-0.14
(1.10)
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Table A.3 continued 
Robustness Checks: Investment. SIDS Interactions, Dependent Variable: GDPpc growth, Sample: 101 Developing Countries, 
1979-2023 (3-year period observations)

Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
Period fixed effects are included (coefficients not reported)
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(1) (2) (3) (4) (5) (6) (7) (8)

VARIABLES FR N_FR Inten N_Inten FR N_FR Inten N_Inten

Government Consumption -2.48
(2.64)

-2.43
(2.44)

-2.56
(2.50)

-2.59
(2.48)

-3.14
(2.40)

-2.95
(2.31)

-2.74
(2.18)

-2.83
(2.14)

Inflation -5.38***

(1.92)
-5.36**

(2.10)
-5.24***

(1.72)
-5.30***

(1.94)
-5.40***

(2.04)
-5.13**

(2.07)
-5.52***

(1.82)
-5.49***

(1.86)

Trade Openness 1.22
(2.15)

1.17
(2.56)

1.62
(2.00)

1.18
(2.40)

0.92
(2.16)

0.86
(2.38)

1.38
(2.30)

1.35
(2.36)

Terms of Trade 0.02
(0.05)

0.02
(0.05)

0.02
(0.04)

0.02
(0.05)

0.03
(0.05)

0.03
(0.05)

0.02
(0.05)

0.03
(0.05)

Constant 26.82
(16.91)

26.70
(17.58)

24.34
(15.65)

26.38
(17.25)

31.05*

(17.02)
28.82*

(16.40)
30.13*

(17.14)
31.02*

(16.61)

Observations 685 685 685 685 685 685 685 685

Number of ISO_num 101 101 101 101 101 101 101 101

Number of instruments 49 49 49 49 55 55 55 55

Arellano-Bond test for AR(1) in first 
differences 0.00500 0.00340 0.00320 0.00270 0.00590 0.00560 0.00650 0.00670

Arellano-Bond test for AR(2) in first 
differences 0.566 0.497 0.517 0.490 0.531 0.494 0.610 0.601

Hansen test of overidentifying 
restrictions 0.379 0.346 0.366 0.379 0.231 0.183 0.240 0.209
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Table A.4 
Robustness Checks: Subsample Stability. SIDS Interactions, Dependent Variable: GDPpc growth, Sample: 106 Developing 
Countries, 2000-2023 (3-year period observations)

(1) (2) (3) (4) (5) (6) (7) (8)

VARIABLES FR N_FR Inten N_Inten FR N_FR Inten N_Inten

All Climate-Related Disasters 0.38
(0.32)

0.02
(0.06)

0.11
(0.08)

0.02
(0.05)

SIDS x All Disasters -0.52
(0.34)

0.02
(0.06)

-0.23**

(0.10)
-0.01
(0.05)

Droughts -0.08
(0.20)

-0.06
(0.07)

-0.03
(0.03)

-0.03
(0.03)

Floods 0.28
(0.21)

0.14*

(0.08)
0.08

(0.06)
0.07

(0.05)

Storms 0.11
(0.20)

0.07
(0.08)

0.06
(0.05)

0.06
(0.04)

Other Climate-Related Disasters 0.31
(0.19)

0.11
(0.08)

0.10**

(0.05)
0.09**

(0.04)

SIDS x Droughts 1.39*

(0.72)
0.33*

(0.20)
0.29***

(0.07)
0.23***

(0.05)

SIDS x Floods -0.71*

(0.38)
-0.27**

(0.11)
-0.20*

(0.11)
-0.16**

(0.08)

SIDS x Storms -0.66**

(0.29)
-0.16*

(0.09)
-0.14
(0.09)

-0.12*

(0.07)

SIDS x Other Disasters -0.28
(0.70)

0.07
(0.21)

-0.11
(0.18)

0.03
(0.09)

Lagged Dependent Variable 0.00
(0.14)

0.02
(0.15)

-0.02
(0.12)

0.02
(0.14)

-0.03
(0.15)

-0.02
(0.15)

-0.01
(0.15)

-0.00
(0.14)

Initial Enrolment -2.43
(2.46)

-2.64
(2.59)

-2.48
(2.32)

-2.36
(2.41)

-2.98
(2.20)

-2.10
(2.00)

-2.54
(2.06)

-2.45
(1.97)

Financial Depth 0.70
(2.02)

1.25
(2.06)

0.64
(2.14)

0.96
(1.95)

0.98
(1.78)

0.23
(1.80)

0.27
(1.89)

0.12
(1.79)

Government Consumption -1.74
(2.85)

-1.80
(3.26)

-1.39
(3.18)

-1.56
(3.19)

-2.37
(3.22)

-1.48
(3.19)

-1.10
(2.98)

-0.91
(2.82)
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Table A.4 continued 
Robustness Checks: Subsample Stability. SIDS Interactions, Dependent Variable: GDPpc growth, Sample: 106 Developing 
Countries, 2000-2023 (3-year period observations)

Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
Period fixed effects are included (coefficients not reported)

(1) (2) (3) (4) (5) (6) (7) (8)

VARIABLES FR N_FR Inten N_Inten FR N_FR Inten N_Inten

Inflation -8.18
(24.68)

-1.80
(25.09)

-15.28
(25.86)

-3.88
(24.69)

-11.77
(23.47)

-11.19
(23.40)

-14.26
(19.98)

-15.44
(19.87)

Trade Openness 1.60
(2.10)

1.38
(1.94)

2.55
(2.00)

1.30
(1.89)

2.88
(1.85)

2.91*
(1.71)

3.18*
(1.88)

3.20*
(1.83)

Terms of Trade 0.01
(0.04)

0.02
(0.04)

0.01
(0.03)

0.02
(0.04)

0.02
(0.03)

0.02
(0.03)

0.02
(0.03)

0.02
(0.03)

Constant 46.09
(118.02)

16.63
(118.24)

74.23
(121.83)

25.85
(117.21)

61.62
(112.48)

58.25
(111.96)

67.67
(95.39)

76.04
(94.75)

Observations 533 533 533 533 533 533 533 533

Number of ISO_num 106 106 106 106 106 106 106 106

Number of instruments 38 38 38 38 44 44 44 44

Arellano-Bond test for AR(1) in first 
differences 0.0151 0.0169 0.0132 0.0146 0.0287 0.0292 0.0233 0.0226

Arellano-Bond test for AR(2) in first 
differences 0.571 0.585 0.623 0.578 0.761 0.795 0.757 0.785

Hansen test of overidentifying 
restrictions 0.135 0.0676 0.191 0.0709 0.200 0.159 0.282 0.300
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