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Abstract This paper provides empirical evidence on themasitional effect of
natural disasters on consumer prices based on tganflation data covering
12 types of goods and services in four French easrderritories. While
disasters lead to a maximum rise in consumer po€@s5 percent, substantial
heterogeneity characterizes the price responsenArediate strong surge in the
prices of fresh food products of 12 percent isiplytoffset by a decline in the
headline price index excluding fresh food produeys0.2 percent. Natural
disasters have a persistent inflationary effect diar months, since services
prices pick up after four months. While the highasbme quantile experiences
a mild increase of inflation by 0.2 percent, treerfor households in the lower
qguantile is with 0.7 percent more than three tiaetarge.
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1. Introduction

How do natural disasters affect consumer pricesfhies when central banks consider climate risks
in their operational frameworks, this becomes aveait monetary policy question (e.g. Schnabel,
2021). The existing empirical literature has focus®stly on the aggregate price effect. However,
natural disasters are a complex combination oflgwjigruptions driving up prices in the short run,
combined with a shock to the composition of aggeedamand, with differing effects in sign and
magnitude across types of goods and services. §ggrerice effects of disasters will depend on

the relative strength of these supply and demdiedtsfover time.

This paper contributes to closing this gap in tteedture by providing a disaggregate analysis of
price dynamics that contribute to an inflation sualpserved in response to natural disasters. By
focusing on the compositional effect, we also skt on the distributional consequences of
natural disasters with respect to consumption bgésreity across income groups. We study natural
disasters generating extreme wind speed and fab#alheen 1999 and 2018 in four French
overseas departments and regions (DCOM,Oépartements et Collectivités d’Outre-Nter
Guadeloupe, Guyane, Martinigue and La Réunion. fEnetories are regularly exposed to
significant natural disasters and are locatedfferéint places of the world, which allows studying
shocks that are de-synchronized across territ@igssetting is unique in that it can leverage lyigh
harmonized inflation records produced by the Frestatistical institute (Insee), with a high level
of detail and frequency (monthly indicator for l1@rgonents) that we match with two other
datasets. First, combining price data with datssertoral economic activity allows us to draw
plausible conclusions about shifts in sectoral uppd demand. Second, we employ expenditure
survey data available at the level of oversea®nsgihat quantifies differing spending patterns
across income groups over time. We compute incamgpgspecific inflation rates per cohort to

measure distributional- and welfare effects frosadiers over time.

Our study also innovates in the way we identifyuretdisasters. The literature is confronted with
a twofold measurement problem. The first best measauld report the direct economic damages
resulting from a natural disaster due to asset darmaad business interruptions. Since such data
does not exist, in practice two sources of dat@emgloyed. One approach is to use administrative
databases that detect an event based on criterexdmple a declared state of emergency by local
authorities. Administrative databases have the radga of detecting disasters with significant
economic damage at a relatively high accuracy. Wewdhey are also known to be subject to

various reporting biases (Felbermayer & Groesclid42 Grislain-Letremy 2018). Therefore,



another approach uses meteorological and geophyita which reports the severity of the

disaster event objectively by the intensity exprdsa the quantity of precipitation, wind speed or
Richter scale of earthquakes. Unfortunately, tipisr@ach only imperfectly predicts hazardous
incidents, as events of similar physical amplitaceeassociated with different levels of destruction
depending on regional vulnerabilitit¥Ve combine administrative and meteorological datn

IV (instrumental variables) approach to overconporeéng biases and improve the detection of
relevant extreme weather events. Specifically, gtenate a damage function by regressing the
occurrence of administrative emergency events od speed and precipitation data from various
sources and use the linear prediction in the sesiagg model to elicit the effect of natural disesst

on prices.

Our main results are threefold. First, we find thettural disasters induce a rise in headline coasum
prices with a first peak at 0.5 percent two moafiter disaster occurrence, and another peak at 0.5
percent six months after the disaster. The ovefktt observed in the first two months can be
decomposed into an immediate strong surge in thespof fresh food products of 12 percent after
two months, which dies out after four months. Thts gartially offset by an immediate moderate
decline in the headline price index excluding frésbd products of 0.2 percent after one month.
The decline is especially due to manufactured misdinat drop by 0.6 percent after one month.
After three months, even though the effect on mastufed products remains negative and broadly
stable, the effect on the headline price indexughol fresh food products fades out, and even turns
positive after four months, until reaching 0.5 petcafter six months. This is due to prices of
services, which increase markedly after four manthg positive effect on services in the longer-
run is driven by the category “other services”, thain component of services which notably
includes accommodation, restaurants, and trangiportd his difference across products in the
timing of price response could be related to diffiees in the degree of price rigidity between goods
and services (Gautier et al., 2022). Overall, @suits point to small and temporary effects on

headline inflation, but strong distortions of ralatprices.

Second, we find significant distributional effefrttsm natural disasters across income groups from
diverging product inflation rates. We follow thamstlard approach by using microdata to measure

household-specific consumption bundles at the imegroup level, to which we apply the

! The extent of economic damages is affected by gézdbfeatures such as the shape of the continehéd or
coast (Bertinelli and Strobl, 2013) or land usé¢hie affected area. Damage from an incident of aimil
geophysical strengths can be dampened throughaittapimeasures, which themselves are a functien of
number of determinants such as the ex-ante exptsuisks (Schumacher & Strobl 2011), the quality o
institutions (Kahn 2005), and economic developntEatbermayer and Groeschl 2014).
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disaggregate price dynamics (Hobijn and Lagako$ 2B@bijn et al 2009). This allows us to
compute an income-group specific inflation rateditional on a natural disaster. Since the effect
on fresh food prices is positive and much strotigan any other product category, the effect on
total inflation strongly depends on the share edlirfood in the consumption basket. We find that
the upward effect on headline prices after two mm®ig of 0.65 percent in the bottom quintile of
the income distribution, i.e. about 30 percent éighan the average effect. The upper quintile, in
contrast, experiences a rise in consumer prid@<lgdercent, i.e. about 20 % lower than the average
effect. Furthermore, the effect of natural disastar inflation is estimated to be about 50 percent
higher at the beginning of our sample period (1998 in our baseline, which is due to the steady

decline of the share of fresh food in the consuongdbasket.

Finally, we document the effect of natural disastar economic quantities, to shed light on supply
versus demand effects in disaggregate inflatiosagders have no significant effect on total
employment, but sectoral effects turn out signific®dn the one hand, there is a decrease in
agricultural employment, which would suggest the price increase in food results from a
negative supply shock related to the destructiooraps in fields, which no longer need care or
being harvested. Further, we find that the numbewrernight stays drops temporarily during the
month of the disaster. This is broadly in line witkry short-lived negative effects found by
Granvorka & Strobl (2013) for hurricanes in the iBla@an. The impact turns significant and
positive from months two to six. Rossell6 et 804R) also find positive effects of storms and flwod
over a 6 month and 12 month horizon. They ratiaeaineir finding by a rise in the number of

people coming to support friends or relatives émonstruction.

The paper provides novel empirical insights to lttezature that studies the effects of natural

disasters on prices. Earlier contributions in fielsl are predominantly case studies. Cavallo.et al
(2014) examine the impacts of the 2010 Chile ard 2611 Japan earthquakes on product
availability and prices. They use price data ctlédrom website of international supermarkets at
daily frequency and find that prices adjust onljdigidespite immediate and persistent effects on
product availability. This finding is in line witGagnon and Lopez-Salido (2020) who document
weak effects of snowstorms and cyclones on pricekSi supermarkets despite strong variations in
demand. A possible explanation for small priceat$fen scanner data are in pricing models in
which retailers fear customer anger or have fagrmescerns. Small effects on consumer price
inflation at the macroeconomic level are typicétlynd for natural disaster episodes in advanced
economies (Doyle and Noy 2015, Kamber et al. 204d8)trasting with larger effects in emerging



economies (Laframboise and Loko 2012). In this pape argue that effects in headline inflation

often average out the forceful disaggregate pryoRushics in response to natural disasters.

Our paper is most closely related to two papetsaii@yze components of consumer price inflation
in a cross-section of countries. Parker (2018)yaeal a panel of 223 countries using consumer
price data at quarterly frequency with informatmmsub-indices for food, housing, energy and all
remaining items. Natural disaster events are tdkectly from the emergency events worldwide
database EM-DAT. The study finds strong heteroggmeithe impact of disasters on inflation
across all sub-categories of prices, disaster &ymethe level of development. While headline
inflation responds by an increase of 0.6 percenpag# in the first year, food prices are positive
only in the first two quarters and turn negativerdafter, leaving food price inflation insignifi¢an

in the year following the shock. Housing and engngges tend to decrease by 0.4 percentage points
each. While these results point into the directibpotentially off-setting sectoral price dynamics,
the estimated coefficients cannot be interpretedoaspositional effects due to the unbalanced
nature of the panel. Heinen et al. (2018) focuthenmpact of cyclones and floods on prices in 15
Caribbean Islands. They inspect total headlineg@BIthree sub-categories, namely food, housing
and utilities, and all other items. Effects of matulisasters are obtained from a destruction index
for hurricanes and floods. Their baseline resudnisnflationary effect of disasters, lasting foeo
month in response to floods and two months in respto storms. In line with our findings, food
prices is the sub-component that reacts most $yrémglisasters. However, no off-setting effects
are observed in product sub-categories, possit#ytauahe still high level of aggregation of the
category ‘other goods’. Our paper contributes e fiterature by providing a more granular
analysis, covering 12 types of goods and services9 A highly balanced panel allows us to
interpret our findings as compositional effecthefdline inflation. Integrating specific sectoral
economic dynamics enables us to provide plausibteatives for shifts in sectoral supply and

demand, which is absent in the existing literature.

Our findings also contribute to the literature oflation inequality. There is a long literature
documenting differences of inflation rates acrosaskholds due to structural variation across
consumption baskets. Such household-level inflatiequality is particularly well documented for
the United States (Michael 1979, Hobijn et al 20@#)ile more recent work adds a layer of
inflation inequality arising from actual prices ghaising scanner data (Kaplan and Schulhofer-Wohl

2017). Argente and Lee (2021) track income-spegifice indexes from 2004 to 2016 and

2 Another related contribution is Faccia et al. (BQ2vhich relates consumer prices to extreme teatpers for 48 advanced and emerging
economies, and find positive and non-linear impatextremely hot temperatures in the short-ternnéation (particularly for food
inflation, during summers, and in emerging econaiehich turn negative in the medium-term.
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document rising inflation differences during thee@rRecession. Our paper contributes to this
literature by showing that natural disasters amtfiation inequality across income groups, but
with only transitory effects.

The paper is structured as follows. Section 2 de=ssthe data and the estimation strategy. Segtion

describes the estimation results and Section 4udes

2. Data and empirical strategy

In this section, we describe how we combine detaiitormation on natural disasters and prices

for French overseas territories, for the perioddh99 to 2018m4.
2.1 Data on prices and economic activity
2.1.1 Consumer price index

We use the Consumer Price Index produced by Ingeeatch of the four French DCOMs. In
France, there is no available regional price indésench overseas territories are the only
subnational regions for which price indices arecsjgally calculated using price quotes collected
in each of the French territory. These consumeepndices have been computed since 1967 in
Guadeloupe, Martinique and La Réunion, and sin&® 19 Guyane. The methodology used to
compute them is similar to that of the metropoli@l since 1993 and is part of the French CPI
since 1998. Price indices are published at a mpfitbdjuency by Insee at a detailed level for 12
components, along with their annual weight in tiestimption basket. Table A.1 in the Appendix

displays the summary statistics of price indicelus

There are some specificities of consumer pricd8G®OMs, where prices are set in a distinctive
way compared to the metropolitan territory. Figsice levels are generally higher in DCOMSs,
notably because of food prices, and the price gafamed broadly constant between 1985 and
2010 (Berthier et al. 2010). Second, even thoufiatian in DCOMs is significantly correlated
with inflation in the metropolitan ardahis correlation is lower for food inflation (Hagneng
and Chauvin 2006).

3 Several factors can explain this positive correfatiFirst, the consumption structure of DCOMs coged progressively to that of the
metropolis (with a decrease in food consumption @mdhcrease in services consumption), partly cefig a catch-up policy linked to the
départementalisationf these four territories (i.e. their transformatioto Frenchdépartementstarting from 1946). Second, price-setting
mechanisms are to a large extent jointly determbetdieen DCOMSs and the metropolis: the minimum wad2COM s is aligned with that
of the metropolis since 1996, public compensatamesidentical (albeit with a premium compensatimgtifie distance to the metropolis), and
so are quality norms and rent setting mechanisms.
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Second, the heterogeneous correlation of CPIs leetkeance and the DCOMs is likely to
reflect heterogeneous trade prevalence across ¢ygeeods and services. Indeed, according to
Hugounenqg and Chauvin (2006) about 45 percent dDM€ final household consumption
was imported in 1999 (of which 60 percent came ftbenmetropolis). The share of imported
goods was as high as 70 percent for manufactur@dlupts and 90 percent for durables and
fuels. In stark contrast, the food sector dependshhmore on local production. In 1995,
between 55 and 63 percent of food needs were abbgréocal products. In general, coverage
ratios are higher for fresh products thandtrfood products (combining fresh and processed

food), reflecting a higher prevalence of importatidor processed fodd.

Third, DCOMs benefit from specific fiscal schemesompensate for their distance with the
metropolis: VAT is reduced and tletroi de mera specific tax on imported products, hedges
local production against external competition. Tadmeand petroleum products are also taxed
differentially in the DCOMSs and in the metropolm VAT is imposed on petroleum products,
and taxes on tobacco are decided by local autesriurthermore, prices of petroleum products

are set by local authorities.

Such characteristics bear important implicatiomgHe interpretation of the effects we observe,

that we discuss in Section 3.

2.1.3 Data on economic activity

The analysis is complemented with data on reavié¢tiWe include sectoral employment data
at quarterly frequency. Employment in DCOMs is doatéd by services: non-commercial
services (public administration) represent aboupdf&ent of employment, and commercial
services represent about 39 percent of employnierdontrast, the manufacturing industry
represents only about 7 percent of total employptéet construction sector about 5 percent,

followed by the agricultural sector with 2 percége Table A.5 in the Appendix).

To assess the effect of natural disaster on thestawsector, we include monthly hotel overnight
stays in our analysis. They amount to 77 000 orrames every month, which roughly

corresponds to 15 percent of the average populafi@COMs.

4 Table A.3 in Appendix A reports coverage ratiosenasn data from the Observatoire des économiesaéggiultramarines.
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2.2 Natural disasters data

This section discusses the administrative and matggical data sources and how we treat the data

before using them in the IV approach.

2.2.1 Emergency databases for natural disasters

Afirst type of data source on natural disastelleciadministrative information on economic losses

due to natural events. In this paper, we will wgedata sets collecting administrative information.

First, we use a French administrative datasetatwitpinformation about the assisted management
of administrative procedures related to risi@egtion Assistée des Procédures Administratives
relatives aux Risquesr GASPAR), assembled by the French ministrycofagical transitionT his
dataset lists all natural disasters by municipalitbce 1990, where a disaster corresponds to the
declaration by the French government of a stateaifiral disaster”, after the consultation of an
inter-ministerial commission. Importantly, the deelkion of state of natural disaster conditions the
eligibility of households to an insurance compeangsatThe GASPAR dataset contains various
information, such as the beginning and end of thente the code of the municipality, the
localization, and the label of the risk. In thistisg, we identify as natural disasters events that
include labels floods, tropical storms or cyclondhe data are aggregated to obtain a monthly
indicator variable per oversea territory. As a @non, it is considered that the month of the

natural disaster corresponds to the beginningafdtes disaster.

We complement this data with information comingrirthe emergency events database EM-DAT,
a worldwide database produced by the Center foedels on the Epidemiology of Disasters
(CRED). The events recorded in the database areegajgd from several sources, namely
insurance companies, UN agencies, NGOs, reseatiintes and press agencies. Events recorded
in EM-DAT must respect at least one of three cetgr) 10 or more people killed, (ii) 100 or more
people affected/injured/homeless, (iii) declarabgrihe country of a state of emergency and/or an
appeal for international assistance. Only disastetgpe ‘storm’ and ‘flood’ are considered here,
from which we obtain monthly indicator variable pefersea territory if there was at least one
natural disaster reported during a month. Combithiege two data sets, we have full information

on natural disasters hitting one of the four Frenghrsea territories DCOM as reported by

5> These types of events include tropical phenonmsnans, cyclones, damages due to waves or tidasydloods.
A natural disaster can combine several events ieftjipe at the same time. The events we focus dabho
excludes volcanic eruptions, damages due to lanaslides, earthquakes, snow storms and avalanghie are
also reported in GASPAR.
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administrative authorities. Table 1 describes tlgree of overlap between our discrete

administrative measures as well as their geograptistribution.

Table 1— Overlap between the administrative measuresafksh

Number (%) in Number (%) in
N GASPAR EM-DAT Guadeloupe Guyane La Réunion Martinique
GASPAR 68 - 11 (16.2%) 21(30.9%) 5(7.3%) 22(32.3%) 20428
EM-DAT 12 11 (91.7%) - 3 (25%) 0 (0%) 5 (41.7%) 4 (33.3%)
All admin.* 69 - - 21 (30.4%) 5(7.2%) 23 (33.3%) 20 (30%)

Note: The table shows descriptive statistics on theritligion of natural disasters in four French ovarse
territories. “All admin”is the union between GASPAIRd EM-DAT events.

There is a distinct seasonality of shocks betweR€&union, which is located in the southern
hemisphere, and Guadeloupe, Martinique and Guyaheh are located in the northern

hemisphere. Table A.8 in Appendix A highlights tehbcks in La Réunion are predominantly
concentrated during the first semester, while skatckhe remaining DCOMs are concentrated

in the second semester.

Both data sources have well-known reporting bia8dseterogeneous insurance pattern across
French oversea territories likely leads to misrepgrn the GASPAR database due to a charity
hazard. Grislain-Letrémy (2018) shows that the g@odly that local authorities declare the state of
emergency depends on the insurance coverage aghads in their community. If this coverage
is large, authorities have an incentive to deceremergency, a pre-requisite in French law for
insurance payouts. If the coverage is low, howdwoea] communities might be better off by calling
for direct financial assistance from the Frenchegoment. This imposes a misreporting bias into
the GASPAR database. For EM-DAT, Felbermayr and&13(2014) find a different bias. They
conclude that news-driven and insurance-basedsdtgagenerally pose the problem of selection
bias and a correlation of intensity measures withr éerms in growth regressions. Such a selection
bias would also most likely affect our results pffation responses, which is why we propose an
IV approach below: heuristically, we want to cotribe potential bias by crossing administrative

data with meteorological features.

2.2.2 Meteorological records

To overcome the selection biases in the two adinatige databases, we use meteorological

data in three forms: (i) reported in weather stetjdii) collected by remote sensing systems



based on satellites, and (iii) extreme weather &svegported by the French national weather

service (Météo-France).

Figure 1. Data from remote sensing
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Note: Panel a) Wind speed via remote sensing from thARICross-Calibrated Multi-Platform (CCMP), measuredaon
0.25-degree grid in meters per second on a range6rto 30. The panel shows the maximum averagd speed in a 6h
interval on La Réunion in the sample, which amotm&7.76 m/s on 2007-Feb-25 (12AM) when cyclone Edenpassed
the island. Panel b) Precipitation via remote seng taken from the NOAA Climate Prediction CentePC), measured
on a 0.5-degree grid in millimeters per day. Thegbahows the maximum daily precipitation on Guadpe in the sample,
which amounts to 252.59 mm on 19.11.1999. Pan&Vicd speed records from remote sensing are plattedgside
maximum for 1 minute sustained wind speed from heastations as documented in the Global Surfacen@ury of the
Day (GSOD) database in .1 knots. Panel d) Pretipitaecords from remote sensing are plotted alioieggrecipitation
from weather stations as documented in GSOD inn€Hes.

Meteorological records from weather stations atainbd from theGlobal Surface Summary of
the Day(GSOD), a database derived from the Integrateth&imHourly dataset. This source
provides data for over 9000 stations around thddwmeginning in 1929, of which two to three
match to each of the regions in our analysis (gpe€A.1 in the Appendix). Each weather station
provides data on precipitation in 0.01 inches imulative terms per day and the maximum wind

speed measured for one minute during the day thder knots.
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We combine these data with meteorological recobtisimed via remote sensing. Wind speed is
taken from the NCRACross-Calibrated Multi-PlatfornfCCMP) wind vector analysis that allows
computing wind speed over the ocean in metersquamsl. Each vector summarizes the average
wind speed in a cell of 0.25 degrees of latitudgittide coordinates within a 6 hours interval.
Figure 1a provides an illustration of the datatlf@r case of cyclone Gamede passing La Réunion
in February 2007. Precipitation data is taken ftoedNOAA'’s Climate Prediction CentgiCPC)
database, which provides daily cumulative predipitain millimeters per square meter at a
resolution of 0.5 degrees of latitude longituderdowtes. Figure 1b illustrates an episode of
extreme precipitation on Guadeloupe in Novembel91@@e also Figures A.2 and A.3 in the
Appendix.The data within each cell/day-observatiostation/day-observation are aggregated to a
region-month observatior}; using the maximum daily precipitation and windespebservation,

or x;; = max[x;q, Xj», ..., X;v ], WhereN denotes the last day or the last 6 hour intervatarftht

in regioni.

In general, while remote sensing data provide alyne&®mmplete coverage across time and
geographic location with respect to weather statdata, they are said to be less precise concerning
extreme events. Table A.7 in the Appendix repantareary statistics calculated using the two
different sources): overall, remote sensing dapmrtelower precipitation levels than weather
stations, and exhibit a lower variability. The opp®is true for wind speed data: remote sensing
data reports higher wind speed and higher vargahibmpared to weather stations. However,
despite the different scales of remote sensingvaeather stations data, a direct comparison of
records obtained through the wind speed event dgdéumion in February 2007 (Figure 1c) and for
rainfall in Guadeloupe during November 1999 (Fdj. Shows that both measures detect the same

day as an extreme event.

Lastly, we combine this continuous weather dath witlummy variable for all extreme weather
events identified by the French national weathevice (“Météo France”). According to this

source, 32 months are indicated as extreme metgical event, of which 31 percent are
located in Martinique, 25 percent in Guadeloupep@&ent in La Réunion and 19 percent in

Guyane (see Table A.6 in the Appendix).

Figure 2 illustrates the relationship between adstnative disaster data and physical intensity
of rainfall and wind. Specifically, it displays tloecurrences of administrative events against
the joint distribution of maximum monthly precigitan and wind speed, for data from remote

sensing. Comparing discrete events with physid¢ahsity of wind and precipitation, it appears
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that a large number of events are located in tpewuparts of the distribution. More specifically,
EM-DAT and Météo France events are almost systealbtiocated above the median of either
wind or precipitation records, and most of them @rdhe top quartile. To the contrary,
GASPAR events are mainly located in the centehefdistribution. This suggests that EM-
DAT is related to natural disasters with significgshysical intensity, while this is not

necessarily the case for many events from GASPAR.

Figure 2. Administrative shocks and joint distribution of pigtation and wind speed
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Note: Events from EM-DAT, GASPAR and Météo France arasiflated as discrete events and plotted against the
distributions of physical intensity of wind speedieters/second from CCMP (x-axis) and rainfall imalative millimeters
per day from CPC (y-axis). Dotted lines represenntizdian value of wind speed and precipitation acatisfour regions.

2.3 Estimation strategy

In this section, we describe our empirical methodwlto relate price dynamics to economic
disasters due to extreme meteorological eventsrtbatred significant economic damages. We
proceed in two steps. In a first equation, we eelatonomic disasters as reported by
administrative data to meteorological data, whielps to select economic disasters that we can
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directly connect to extreme meteorological evelmtsa second step, we relate prices to these
events using local projection technique to estintia¢eeffect of natural disasters on inflation
dynamics.

2.3.1 First-stage regression

As argued above, administrative shocks are likelyet subject to several biases and while they
reflect situations of severe economic damages, itigit not be exogenous to the economic
conditions. Estimates could eventually suffer frarbias if we employ the dummy variables
from administrative databases directly in our mod&ke therefore instrument our natural
disaster events of storms and flooding events usimedeorological data. The implicit
assumptions for unbiased estimation are that (y)sichl intensity is correlated with the
economic damagedlevance restrictionand (ii) weather phenomena affect prices onlgulgh

the economic damages they -createxclusion restriction Specifically, we regress
meteorological dat&;.,, for DCOM i during monthm of yeart on a binary variable of

administrative natural disastens, ,,, using the following specification:
Witm =0a+ ﬁXi,t,m +yi+68:+60,+0, XR; + Eit,m (1)

wherey; is a DCOM fixed effecty; is a year fixed effect,, is a calendar month fixed effect
and R; is a dummy indicating whether DCOMs La Réunion. The motive for interacting
calendar month fixed effect with a dummy for La Rién is that the seasonality of its shocks

is markedly different compared to that of the remiraj three region8.

We present the results of the first stage in Tabfer meteorological data collected via remote
sensing and weather stations, respectively. Fdr secof data, we include linear (columns 1
and 5), square (columns 2 and 6) and cubic (colBrarel 7) specifications of wind speed and
precipitation. Non-linear relationships are coneedesince there is evidence that economic
damage from wind speed is best captured by a adbationship (Emanuel 2011). Note,
however, that non-linearity is already presentlis@ecifications as we include Météo-France
events as dummy variables in model (1). In ordeaig®ess the impact of this dummy on the
coefficient of remote sensing and weather statis,also present the square specification
without including the Météo-France events as durmamables (columns 4 and 8).

%1n a robustness exercise, we estimate the modiebuiithis interaction term and discuss more oridhetification issues related to the
seasonality of extreme metrological events.
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Table 2 First stage: Regressing administrative disastenmeteorological data

Remote sensing data Weather stations data
) (@) ®3) (4) ®) (6) ) €
Wind 0.026*** -0.016 -0.136 -0.033 0.022 0.070 -0.062 -0.080
(3.53) (0.52) (1.27) (1.01) (1.47) (1.12) (0.24) (1.01)
Rain 0.002*** 0.001 0.002 0.001*| 0.001*** 0.000 0.000 0.000*
(4.28) (1.58) (1.44) (1.71) (4.34) (0.70) (1.05) (1.95)
Wind? 0.002 0.010  0.003** -0.008 0.038 -0.006
(1.28) (1.31) (2.22) (0.80) (0.45) (0.46)
Rair? 0.000 -0.000 0.000* 0.000**  -0.000 0.000
(1.13) (0.29) (1.90) (2.10) (0.36) (2.49)*
Wind? -0.000 -0.005
(1.10) (0.56)
Rair? 0.000 0.000
(0.64) (0.83)
MF 0.411***  0.387**  0.388*** 0.476*** 0.474** (0.482***
(4.71) (4.26) (4.05) (5.52) (5.49) (5.42)
AR 0.31 0.32 0.32 0.26 0.29 0.29 0.29 0.20
N 928 928 928 928 928 928 928 928
F-Stat 39.66 22.42 20.54 21.7(¢ 29.57 19.32 8.70 21.09

Note: Estimation results for first-stage model (2) witbpendent variable all natural disasters reportedeM-DAT and
Gaspar as binary variable. All wind speed variablesexpressed in m/s and all precipitation vaeisialre expressed in
mm.Windin columns 1-4 corresponds to the maximum winaddeom the CCMP database per region and métdam
in columns 1-4 is the maximum of daily precipitatim a region as reported by the Climate PredicGemter (CPC).
Windin columns 5-8 corresponds to the monthly maxinafreustained wind speed per region and month fr@0B.
Rainin columns 5-8 is the maximum of daily precipibatiamount per month and region taken from GSMB.is a
dummy variable for a noticeable event reportedhgyRrench national meteorological service MétéméeaT-stats are
reported in parentheses. Significant at ***0.010.05, *0.10.

Some novel results emerge from this table. Fillsspacifications show a very strong first stage
relationship, with F-statistics typically above 20 remote sensing data and above 10 for data
from weather stations. Second, overall, remoteisgriata appears to have a higher predictive
power (with F-statistics and R-squared systemdyitadher than for weather stations). This is
a surprising result, as data from weather stateawasknown to be more precise for high wind
speed and precipitation levels. However, the betbgerage in terms of geography of remote
sensing data and the uninterrupted availabilitgaaly frequency make more than up for this.
When it comes to the prediction of an extreme waradivent, the data quality is sufficient, as
confirmed by Figure 1c and Figure 1d. Third, insggdecifications, dummies for Météo-France
events predict strongly and significantly the piaibly of an economically significant event.

Removing dummies for Météo-France, as we do inmaki(4) and (8), entails slightly more
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significant coefficients for non-linear terms (fimstance, the square term of wind speed and
rain for remote sensing data becomes significaleiast at the 10 % level), but a lower adjusted
R2. Therefore, modeling the non-linearity betweeataorological data and economically
significant events through the inclusion of Métgastce dummies is favored over the inclusion

of non-linear meteorological data.

Based on these results, our preferred specificatidhe one of column (1) from which we
compute fitted valued; . ,,. Since the dependent variable is an indicatorabéei associated
with natural disaster events with large economimaiges, we interpred; . ,, as the predicted
probability of an economically significant natudi$aster as a function of meteorological data.
A one-standard deviation increase in wind speed gfo average standard deviation across
DCOMs of 1.7 meters per second) increases by 4 th@probability of observing a natural
disaster according to administrative datasets. €@y, a one-standard deviation increase in
precipitation level (for an average standard demeacross DCOMs of 95.2 mm) increases by
19.0 pp the probability of observing a natural sisaaccording to administrative datasets. As
a matter of comparison, the average predicted pibtidyeof a shock conditional on observing
no shock is 5 %, while it is equal to 40 % condaitibon observing a shock (the figures are the
same if we condition only on GASPAR shocks, buythee respectively 7 % and 75 % if we
condition on the occurrence of an EM-DAT shock)igufe B1 in Appendix B shows the
distribution of predicted probability, and Figui82 to B4 decompose the latter conditionally
on actual administrative natural disasters, basethe specification of column (1). While the
distribution of predictive probabilities is stroggtkewed to the right, we observe that, the
distribution conditional on a observed administratshock is shifted to the right compared to

the distribution when there is no administratived

In the rest of the paper, we present results basdbe specification of column (1). In Section
3.4, we present alternative results where theunstnt is based on weather stations data, and

using alternative specifications (notably for timed effects).

”However, for applications in which the Météo-Fradega is unavailable, column (4) still highlighist the
inclusion of non-linear terms is recommended.

8 As we are in a linear setting, some predicted gbdlies @, , ,, lie below zero and above 1, as illustrated by
Figure B.1 in Appendix B.
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2.3.2 Second-stage regression

Our estimation for the second stage relies on dlkal lprojection method (Jorda 2005). We
estimate the evolution of the log of the price mthetween the month before the disaster and
h=0,...,6months after the disaster, with respect to thenased probability of a natural disaster
®;:m recovered from equation (1). The indiesepresents the different possible DCOMs, for

i = 1,..4. Our baseline equation is the following:

Pi,t,m+h ~
log <P- =T + OpOitm + Vin + Oen + Omp + Omn X Rin + € mpn 2)
,tm—-1

whered; ; , is the predicted probability of a natural disast@ing monthmof yeartin DCOM
i according to administrative datasets. Month-yeegdieffects are denoted by, and local
fixed effects byy; ,, while; ,,, ., is an i.i.d residual. This equation is estimateplasately for
each horizorh, and the parameters of interest 8ge which capture the cumulative effect on
prices of a natural disaster for each horito®,, , X R; , is an interaction term to capture

seasonal differences between La Réunion and the tither overseas regions.

In our main estimation, we estimate equations () @) using a 2SLS estimation. We also
compare the 2SLS estimates with OLS specificationg/hich we directly regress prices
variations onw; ¢ ,,, i.e. the dummy variable capturing the occurreotan administrative

shock.

Given the descriptive statistics presented on aatlisasters, we expect the estimated price
reactions to be stronger under the instrumentalabkr estimation than under the OLS

estimation. The 2SLS estimate gives the variatibprize reaction to the continuous linear

predicted probability of an administrative shochtthanges from 0 to slightly above 1. Put

differently, it gives estimates of prices reactiémsadministrative shocks that are triggered by
extreme meteorological events, but not for those d@ne unrelated to the latter.

3. Main results

In this section, we present results of our baseadstenation strategy, both for the OLS and IV

results.
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3.1 Inflation

In Figure 3, we present the main results from @seline estimation, both in the OLS and the
IV setting. Based on the IV estimation, our firsaiimfinding is that total CPI is on average
moderately affected by natural disasters. It finsteases moderately and temporarily by about
0.5 percent after two months. The effect rapidlyoas down to zero, before increasing again
after five to six months, until reaching 0.5 pertcah six months. However, and this is our
second main finding, this aggregate effect is dritbg composition effects which vary over
time. On the one hand, the prices of fresh produnciease strongly and rapidly, up to 12
percent after two months. This effect is partidylatrong, as it typically represents about 2.5
standard deviations of fresh food CPI on averagesadhe four regions, and about 1.3 standard
deviations of fresh food CPIl in La Réunion. Thisipge effect then decays progressively, until
reaching zero after six months. On the other hdredprices of items other than fresh products
first decrease moderately by 0.2 percent aftermoaeth. These negative effects also dissipate
quickly and turn positive after four months, peakat 0.5 percent after six months. Therefore,
while the first spike in headline CPI is drivenfiogsh products, the second is rather driven by
the components excluding food products. Our thiedninding is that the 2SLS estimation
yields much higher estimates than the OLS estimatio the case of fresh products, the
maximum effects estimated in the OLS are posithesagnificant, but about four times smaller
than those estimated in the 2SLS setting. Thisiguosfthat using only administrative shocks
tends to underestimate the effects of disastersftation, as a significant part of them do not
reflect extreme meteorological events. Further,ast@mates for total CPI are in the range of
those found in the existing literature. Heinenlet2018) find that an average hurricane or flood
causes a temporary rise of CPI by about 0.1pp.éP§2K18) finds that a natural disaster among
the top quantile lead to an increase of total GPalbout 0.6 pp after a year, and 0.9 pp after

two years.

° Both papers find that positive effects are strorigefood, and that the effects are generally negdor other components (such as
housing). However, contrarily to our estimates,ffects cannot be decomposed as data on consumpights are not available (Heinen
et al., 2019) and data coverage is not homogermoasscountries (Parker, 2018). Parker (2018)falsis that upward effects are more
persistent for droughts and to a lesser exterftdods, but not for storms.
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Figure 3: Main results — Total and fresh food
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Note: The figures plot the cumulated impulse responsetfon for headline CPI, CPI of fresh products &eddline CPI
excluding fresh products. The left panel represesgslts from OLS estimations, while the right gaeeresents results from
IV estimations. Treatment effects are express@einent. 95 percent confidence intervals with robtadard errors in shaded

areas. Treatment effects are expressed in percent.
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Figure 4: Main results — Services, manufactured productsesedgy

a) Services
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Note: The figures plot the cumulated impulse respomsetfon for the CPI of services, manufactured potsland energy.
The left panel represents results from OLS estonatiwhile the right panel represents results fidrastimations. 95 percent
confidence intervals with robust standard errorshiaded areas. Treatment effects are expressedcanp.

In Figure 4, we highlight the effects obtained floe main other components than fresh food,
and in Table B.1 in Appendix B, we present estimatefficients for all available components.
In the months immediately following the shock, wstffind negative effects for manufactured
products and services, albeit with different levelsstatistical significance. The effects on

manufactured products immediately drops down t6 g&rcent after one month, and remain

19



below -0.8 percent until five months after the dhdkhis negative effect is mostly driven by a
strong decrease in the prices of footwear and gat;nhg about 3 percent. The effect on the
prices of services reaches a minimum of -0.1 pénceservices (after one month), which is
however not significant at traditional confidenegdls. This negative effect after one month is
primarily driven by moderate but significant deses in the prices of health services (-0.3
percent in the month of the shock) and rents @@r2ent one month after the shock). The prices
of services quickly recover and after four monthsy even surpass the prices observed in the
absence of a shock, by about 0.08 percent. Thigelerun increase is driven both by other
services, which is the main component of servigesiacludes notably accommodation and
restaurants (+0.6 percent after 6 months), andrdaysportation services, which increases
sizably until reaching about 10 percent in the prtdaager of the horizon. This difference in the
speed of adjustment of prices in food and servioesdd be related to a difference in the degree
of price stickiness. It is a well known fact thabll prices are much more flexible than services
prices and so react more quickly to shocks (seeti€Gaet al. 2022 for recent euro area
evidence). Finally, while we observe positive cméhts of one to two percent for the prices
of energy, they are overall imprecisely estimated @ot significant. The absence of significant
effect on energy prices is in line with the facattlenergy prices are largely administered in
DCOMs.

Figure 5: Decomposition of the reaction of total inflationtire baseline specification

Treatment effect

Months since natural disaster

mm Fresh food S Other food and tobacco Manufactured products

s Energy I Scrvices s£777. Residual

Total = = =Total excluding energy

Note: Decomposition of the cumulative impulse responsénaddline CPI to a natural disaster in the basdNhéocal
projection. The contribution of each componenoimputed as the cumulative response of the CPI stthinponent times its
average weight in the consumer baskets of theD@®Ms between 1999 and 2018. Treatment effectsx@ressed in percent.
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In Figure 5 we decompose the effect on total idfabased on the observed effect for the five
main components (namely fresh food, other fooduiticlg tobacco, services, manufactured
products and energy), under the 1V estimation. Eacttribution is computed as the observed
pass-through multiplied by the average weight &f tomponent over 1999-2018The
“residual” contribution corresponds to the diffecerbetween the estimated reaction of total
prices and the sum of estimated contributions effibe components. The heterogeneity of
reaction between fresh food and other componertdie#sly visible. We also report the effect
on total inflation excluding energy, as the effect the latter component is imprecisely
estimated. The patterns across the two measuregabfinflation are similar, but while the
effect on total inflation excluding energy is cldsethat on total in the first three months, it is
a bit smaller in the outer years of the projectiamnizon (as the estimated effect on energy is

imprecisely estimated but positive after 6 months).

3.2 Supply or demand effects?

The sectoral effects we observe are likely to baglamed by a mix of supply and demand
effects. In turn, whether the consumed goods andces are produced locally or imported is
likely to affect the supply and demand channelsgarding fresh food, which is largely
produced domestically, one can assume that the@asencrease in prices is largely due to a
negative supply shock. Regarding goods that ares roften imported, such as manufactured
products, one can expect that natural disastaisratpresent a negative demand shock, with
no specific shock on the supply side, thereforditeato a negative effeét.Finally, regarding
services, the channels are likely to be more mix&d.the one hand, services are largely
produced locally. They represent a larger shathenVAT than in Metropolitan France and
than in comparable small-island economies. We toereconclude that a natural disaster is
likely to represent a negative supply shock. Yetural disasters might also affect the demand
for services, especially in the tourism sectore@ on demand could be negative, e.g. due to
reputation effects, or positive if part of tourissnrelated to affinity motives, which can push

people to come support family or relatives.

10 Except for the component “food including tobaccd arcluding fresh food”, for which we do not hav€Rl: this contribution is
computed as difference between the contributiaotal food including tobacco (for which we do oh&ea CPI) and the contribution of
fresh food).

11 Regarding energy, the prediction is however thpply and demand effects are less relevant thaotf@r components of the CPI. First, in
France, oil prices quickly follow the internationmlices of crude oil (Gautier et al. 2022), makimdjkely that local supply or demand effects
affect the general price dynamics. On the othedharthe specific case of DROMs, oil prices aresskministratively, which might mute the
effects of any existing supply or demand effecie Tiegative effect of natural disasters on enerigpegpiis therefore hard to interpret.
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To explore whether these hypotheses hold true,stimate the effects of natural disasters on
sectoral economic activity, to characterize theseixto which the effects on prices are driven
by supply or demand effects. Because the data vpdogrgive information on local economic
activity, they are better suited to provide infotioa on items largely produced locally, namely
fresh products and services; for this type of podbdwe could expect a close connection
between local activity and consumption. They akelyi to be less informative about the
channels affecting the prices of manufactured petsdor energy; for these products which are
mostly imported, there would be a small correlatiogtween local activity and local
consumptiont? Importantly, these results should be considerad@® exploratory than those

on consumer prices, as they are based on quatiadyand are available for a shorter period of
time*.

In Figure 6, we present the main significant reacdiof real activity variables. All estimated
cumulated responses of real activity are preseimekhble B.2 in the Appendix. Figure 6a
shows that employment in the agricultural sectarei@ses strongly after a shock, falling by 4
percent after two months. This negative effect prsgively narrows after three months, until
reaching zero after six months. This large negafiect on agricultural employment suggests
that the effect of natural disasters on fresh fmackes is mostly aegative supply shockhich
destroys crops in the fields which do no longerdneare or need to be harvested. Thus,
employment falls and prices rise. This interpretais reinforced by the fact that the prices of
fresh products react strongly to natural disastelsle those of other types of food do not:
indeed, since the former are more reliant on lpcatlucers than the latter, this suggests that
effects on fresh products is mainly driven by tlifect that natural disasters have on local

production.

Figure 6b documents a strong increase in the nuof@rernight stays after six months, with

a maximum effect of about 60 percent reached &termonths. This strong increase mirrors
the increase observed in the prices of serviceggesiing the existence of a positive demand
shock. Such a result can appear at odds with tiséingxliterature, which ends to document a
negative, despite short-lived impact of naturahstiers on tourist flows (Hsiang, 2010; Granvorka

and Strobl 2013). However, Rossell6 et al. (202 find positive effects of storms on tourism.

12 High frequency data on local consumption by prodsiait available to us.
13 However, the first stages of the estimations fopleyment and overnight hotel stays remain largalid, as the F-Statistic are
respectively equal to 16.9 and 15.3.
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One possible explanation could be the effectsngrisut of humanitarian motives, such as friends

and relatives visiting affected regions to help smpport.

Figure 6. Reaction of agricultural employment and number wéraight stays to a natural

disaster

a) Agricultural employment b) Number of overnight stays
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Note: The figures plot the cumulated impulse responsegofultural employment (left panel) and numbeowérnight stays
(right panel) to the occurrence of a natural desast the baseline IV local projection. Treatmefiegts are expressed in
percent.

Finally, we do not find significant effects of nedl disasters on employment in the
manufactured sector. However, because manufacpnelicts are largely imported in the
DCOMs, it is more likely than the observed decraag@ices comes from a negative demand
shock than from a positive supply shock, even thaagh effects cannot be identified in our

datal*

3.3 Distributional effects of natural disasters

In this final section, we investigate whether tffects of natural disasters on consumer prices
differ across different types of households. Indegden that the main positive effects are
channeled through the fresh food and to the exttexttthe weight of food is generally higher
for households with lower income, we expect thatdffects on total inflation is higher for the
latter. To test this hypothesis, we exploit Buglget des famillesurvey produced by Insee for
the year 2017. This survey gives a decompositiothefconsumption basket of households,
both across overseas territories and across qsrafl household. We combine these data with

our estimated impulse-response functions, in otdetferive an estimated impulse-response

14 In alternative specifications, we tested whettaural disasters affected the quantities of googmited quarterly in the DCOMs
(sources?), but we did not find any significaneeffin these specifications.
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function of total CPI for each quintile. The metbtmy used to reconstruct an impulse-

response function for each quintile of householdescribed in Appendix C.

Table C.1 in Appendix represents the share of fodde consumption basket for each of the 4
DCOMswe focus on, and confirms that the share of foaulateses strongly when income rises.
In Figure 7, we plot our estimated impulse respdnsetion of total CPI for each quintile,
compared to the reconstitution of the impulse raspdunction under average weights of fresh
products between 1999 and 2018. Our results suggeashe maximum reaction of CPI in the
first two quintiles is higher than the maximum réac of CPI by about 0.1 percent for
households, reaching about 0.6 percent after twatimsp against 0.5 percent in the effect
estimated based on average weights. On the contin@ryeaction is more muted for households

in the top of income distribution, notably thosdhe last quintile (maximum of 0.4pp).

Figure 7 — Baseline and alternative effects on CPI inflatay income quintile

Estimated effect

Months since natural disaster
----- Reconstitution - Average weight 1999-2018 (fresh products=3,95%)

1st quintile (fresh products=5.1%)
2nd quintile (fresh products=4.9%)
3rd quintile (fresh products=4.1%)
——— 4th quintile (fresh products=3.8%)
—— 5th quintile (fresh products=3.2%)

Note: Comparison of the reconstitution of effect on Hie@dCPI using a linear combination of estimatefé@s on fresh
products and total excluding fresh products usiregage weights between 1999 and 2018 (solid ddittell with
reconstitutions using estimated weights of fregdpcts for the 5 quintiles of income (blue, red grel lines). Treatment
effects are expressed in percent.

3.4 The role of administered prices

The extent of administered prices and local prar@ml policies can affect the effect of natural
disasters on prices. As argued above, one of tienpal reasons behind the insignificant
reaction of energy prices, beyond the fact that tre largely driven by international prices of
crude oil (Gautier et al. 2022), is that they aaetly controlled by local authorities. But more
interestingly in our context, the extent of priegulation regarding food prices has evolved

over time across our sample. Indeed, in Novemb&g 2@llowing protests against the cost of
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living in several DCOMs, a price cap call@duclier Qualité Prix(BQP) was voted for a
selection of base products. The BQP, which wastea#y implemented in March 2013, states
that the total price for the considered selectibrpr@ducts cannot be higher than a fixed
threshold. The selection of products and the olprale cap are renegotiated annually, and can
differ between DCOMs. As a matter of example, i1&0he BQP in La Réunion contained
109 products for an overall price cap of 288 eur8wf these 109 products were food products,
and among them 48 came from local production. ¢ufé 8, we document cumulative impulse
response functions for the prices of fresh prodbefsre and after the implementation of the
BQP (in this case, we consider that pre-BQP pasauhtil December 2012, and that post-BQP
period starts in January 201:3)Before the implementation of the BQP, the pricaction of
food products was immediate and strong, reachingodigent after 2 months, and then
decreased until reaching zero after 4 months. Afterimplementation of the BQP, the price
reaction of fresh food products was much more sfiggeaching 5 percent after one month
and remaining there over the whole projection lawizrherefore, the price reaction after the
implementation of the BQP is significantly lower time first few months, but significantly
higher in the following months. Eventually, afternonths, the sum of cumulative price
responses is equivalent between with or withoutBQ¢®, suggesting that the overall effect is
similar in the long run but the adjustment is srheotand more persistent with BQP than

without this policy.

Figure 8: Reaction of the fresh products CPI before and #fteimplementation of the BQP
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15 This evaluation is imperfect since it only compaxes periods, during which several confounding doatcur. However, the predictive
power of the first stage is strong in both casestéfistic of 32.6 before the BQP and 14.4 afterBQP), and the number of shocks
occurring annually in the DCOMSs during the two pds is very close (about 0.9 on average every year)
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Note: Impulse response functions of fresh food produatsshocks occurring before the implementation ef BQP (until
December 2012) and after the implementation oB®® (since January 2013 onwards). 95 percent cardf@mtervals with
robust standard errors in shaded areas. Treatrfientseare expressed in percent.

4. Sensitivity

4.1 Robustness to alternative specifications

In this section, we present several alternativalltedor the three main aggregates under
scrutiny, namely total, fresh food and total exahgdresh food. Our robustness tests show both
that our main qualitative results are robust todhesen specification or to the definition of the

shock, but that the exact estimated magnitude agnalong these dimensions. The results are

summarized in Table 4.

Table 4— Robustness analysis

T=0 T=1 T=2 T=4 T=6
(A) Total
2SLS - Baseline -0.000 0.002 0.005**  0.001 0.005**
2SLS - Year x Month FE 0.000 0.002 0.005**  0.002 ooa
2SLS — Baseline, 3 lags shock -0.001 0.001 0.003 0010. 0.003*
2SLS — Baseline, Weather station data -0.001 0.001 0.004* 0.002 0.005***
2SLS - Baseline — no Réunion 0.000 0.002 0.003* 0.0 0.006%**
2SLS — Baseline excl. shock < 6months  -0.000 0.002 0.007** 0.002 0.006**
OLS -0.001** -0.000 0.001 0.000 0.002
Jan — Feb — La Réunion -0.001 -0.002 0.002 0.001 0020.
(B) Fresh products
2SLS - Baseline 0.022 0.097** 0.121*** 0.008 0.015
2SLS - Year x Month FE 0.077** 0.183** 0.209*** 036 -0.025
2SLS — Baseline, 3 lags shock -0.001 0.047* 0.064*-0.024 -0.018
2SLS - Baseline, Weather station data 0.013 0.082%.112** 0.024 0.025
2SLS - Baseline — no Réunion 0.022**  0.055*** 0.681 0.010 0.001
2SLS — Baseline excl. shock < 6months  0.030 0.127*6.158** 0.012 0.022
OLS 0.000 0.023* 0.034**  0.004 0.004
Jan — Feb — La Réunion 0.098***  0.205*** 0.268*** ,1B8*** 0.065***
(C) Total excl. fresh products
2SLS - Baseline -0.001 -0.002 0.000 0.002 0.005%**
2SLS - Year x Month FE -0.003*** -0.005*** -0.003** 0.001 0.003**
2SLS - Baseline, 3 lags shock -0.001 -0.001 0.001 .00y 0.005%*=*
2SLS - Baseline, Weather station data -0.001 -0.002-0.000 0.002 0.005%**
2SLS - Baseline — no Réunion -0.001 -0.002 -0.000 .00 0.007**=*
2SLS - Baseline excl. shock < 6months  -0.001 -(-0030.000 0.002 0.006***
OLS -0.001** -0.001 -0.000 0.000 0.001
Jan — Feb — La Réunion -0.004*** -0.010*** -0.009**-0.005*** -0.001

Note: The table shows alternative specifications of Igmajections of consumer prices for 0, 1, 2, 4 &ndonths following
a natural disaster. Panel (A) shows results fal tPI, panel (B) shows results for the CPI offiresoducts, and panel (C)
show results for total CPI excluding fresh produt@SLS baseline” is our baseline 2SLS specifiagti@SLS — Year x Month
FE” replace the baseline fixed effects with courangl year x month fixed effects; “2SLS — Baselinéads shock” controls
for up to 3 lags of the shock (instrumented bywaie lags of the instrumental variables); “2SLS -s@ime, Weather station
data” is the baseline specification, but with instents taken from weather station data rather res@nsing data; “2SLS —
Baseline — no Réunion” is the baseline specificatinciuding La Réunion; “2SLS — Baseline excl. shodk months” is the
baseline specification, excluding shocks which odess than 6 months after a previous shock; “Oishe baseline OLS
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regression; “Jan-Feb. — La Réunion” is an OLS Ipcajection where the “shock” is a dummy equal te for the months of
January or February in La Réunion and zero elsewhere
*p < 0.10; **p < 0.05; *** p < 0.01.

First, the seasonality of extreme events coulcerggecific identification issues. In particular,
month fixed effects but also interacting them withRéunion could capture part of the effect
of extreme events on prices if these events masityir in some specific months. With this
respect, our baseline regression where we inclatterbonthly dummies which are specific to
La Réunion located in the Southern hemispherelamdther 3 regions which are located in the
Northern hemisphere is pretty conservative. Asbaustness check, we relax this constraint in
our specification and we include only DCOM and yeamth fixed effects (“2SLS — Year x
Month FE”) and not the interaction term betweenR&union and month fixed effects. The
latter only capture effects that are common to4alDCOM, and therefore does not absorb
seasonality effects specific to La Réunion, as weéndthe baseline specification. Doing so,
while the effect on headline CPI is overall unchath@+0.5 percent after two months), we
estimate much stronger effects on the prices shfgroducts than in the baseline, up to +21
percent after two months, and much lower effectheadline CPI excluding fresh products
(- 0.5 percent after one month). This comes froenfttt that the natural disasters we study
occur with strong seasonal patterns that are giifiterent between La Réunion and the other
DCOMs. As a matter of comparison, in the last djpation of each panel (“Jan — Feb — La
Réunion”), we estimate the effect of dummies edaabne in La Réunion in January and
February (months in which natural disasters arertbst concentrated) and zero otherwise: the
effect is close in magnitude to the estimated éffleche alternative specification without
seasonal effects, confirming the need to controlICf@OM specific seasonal patterns in the

baseline specification.

Second, we present alternative specifications iichvive control for up to 3 lags of the shock
(“2SLS — Baseline, 3 lags shock”). The estimatddogffor fresh products is slightly smaller
than in the baseline specification. This might cdroen two effects. First, a better control of
the dynamic effect of the shock. Second, given th@tresults vary only in the 2SLS setting
(and not in the OLS), this is also likely to retlecweaker identification of the 2SLS when we
include lags: indeed, in this setting, the shodkiga3 lags are all instrumented by the baseline
instruments and 3 lags of the latter (increasirgsinare of non-significant instruments in the
first stages). Yet, even though the results agh#li smaller than in the baseline, the peak of
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the effect on fresh products remains high (6.4 gr&)¢ and the effect on total excluding fresh

products is close to the baseline specification.

In a third exercise (“2SLS — Baseline, Weathern@tatata”), we present results using weather
stations. The maximum estimated effect on fresllyets (11.2 percent) is very close to the

baseline effect, yet slightly smaller, which confg their lower identification power.

We then present results of a 2SLS equation exduta Réunion (2SLS — Baseline — no
Réunion), which is characterized both by a highegiiency of shocks and by a higher volatility
of fresh products. Excluding La Réunion, the maximastimated effect for fresh products (6.1
percent) is sizably lower than in the baseline gpation, though it remains highly significant.
This is likely to be explained by the distinct f@as of La Réunion in terms of both natural
disasters and fresh food prices, as the identifiogiower in the 2SLS setting is comparable to
the baseline (the F-statistic of the first stagefi32.7).

Finally, we run a specification in which we do define as a shock any event that is occurring
less than 6 months after a preceding shock. This gevent the risk of wrongly identifying
heterogeneous effects over time, which can occarpanel setting with twoway fixed effects
and prolonged treatments, as has been documentBe li3haisemartin and d’Haultfoeuille
(2020). Doing so, we find effects for fresh produittat are of the same magnitude than in the

baseline specification, but slightly higher (15eé8qent after two months).

4.2 Varying in the share of fresh food

Since the largest effects are observed for fregtiymts, the effect on total inflation depends on
the weight of fresh products in the total consuompbasket. In order to evaluate how sensitive
our results on total CPI are to a variation inweeght of fresh products, we estimate different
effects on total inflation depending on the lat®n average, between 1999 and 2018, the
average weight of fresh food was of 4 percent. Hawrethis average value hides a strong
downward trend, as the average weight of fresh foas decreased from 5.9 percent in 1999
to 1.6 percent in 2018. In Figure 9, we show cadattual effects on headline inflation,
assuming different weights for fresh products. @&k solid line represents the effect estimated
in the baseline specification for total CPI, asestsed in Figure 3. The dark dashed line
represents a reconstitution of the effect on ©0&il, computed as a linear combination of effects
estimated on fresh products and total excludinghfigroducts, using their average weight over
the estimating sample. This reconstitution is ckosthe estimated effects, though not exactly
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identical: this reflects the fact that the estirdatbocks were not distributed uniformly over the
estimating sample. The blue line represents a stitotion of the effect on total CPI, still using
a linear combination of effects estimated on fresiducts and total excluding fresh products,
but using theifinal weight (as of 2018). In this case, the estimatéetebn total CPI is lower
than in the baseline specification, and is everatieg in the month of the shock (by -0.1
percent). Finally, the red line represents the sesnenstitution, but using theitial weights

of fresh products and total excluding fresh produit this case, the effect is much stronger
than in the baseline, reaching up to 0.07 percitett ®vo months, i.e. about 45 percent above
the maximum baseline effect. The effect on tot#htiron would therefore be maximal for a
weight of fresh products equal to that observetthébeginning of the estimating sample, and
minimal for a weight of fresh products equal tottbaserved in the end of the estimating
sample.

Figure 9 — Baseline and alternative effects on CPI inflatio

Estimated effect

-0,2

-1 0 1 2 3 4 5 6

Edi i Months since natural disaster

- = = Reconstitution - Average weight 1999-2018 (fresh products=3.9%)
Reconstitution - Final weight 2018 (fresh products=1.6%)
Reconstitution - Initial weight 1999 (fresh products=5.9%)

Note: Comparison of the baseline IV estimation of t@&l (solid black line) with a reconstitution of thffect using a linear
combination of estimated effects on fresh prodaattotal excluding fresh products with averagegivisi between 1999
and 2018 (solid dotted line), weights as of 19@@l (ine) and weights as of 2018 (blue line). Tresttreffects are expressed
in percent.
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5. Conclusion

This paper estimates the sectoral effects on pdtestural disasters in the 4 French DCOMs
between 1999 and 2018. We find a small positivectfbn total consumer prices after two
months (+0.5 percent), which can be decomposediatmng positive effect on fresh products,
and a negative effect on all other components. vtk effect on fresh products vanishes
rapidly, we observe a positive effect on the prigeservices in the longer run, which induces
a second spike of headline prices at +0.5 perdét @ months. Additional evidence on real
activity point toward the existence of negative @ypeffects in the agricultural sector, but to
potentially positive demand effects in services. &l&® show that the positive effect on fresh
products is less steep after the implementatiotheBouclier Qualité-Prixin 2012 which
imposes a ceiling on a basket of essential goagsthiat it does not revert back to zero as in
the baseline effect. We also document that theceffenatural disasters on inflation strongly
depend on the weight of the most affected compan@tmely fresh food): had the weight of
fresh food remained equal to its high value obskme¢he beginning of the sample, the effect
on total inflation would have been 45 percent higian the one estimated in the baseline
specification. This also implies that householdswhbich the weight of food is the highest in
the consumption basket (namely households withldthwest level of income) are the most

affected by natural disasters.
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Appendix A. Data

A.1 Consumer prices in French DCOMs

Table A.1 —Descriptive statistics of inflation data

Guadeloupe Guyane La Réunion Martinique DCOMs Frane
Component m-0-m sd m-0-m sd m-0-m sd m-0-m sd m-0-m sd m-0-m sd
Headline 012 047 | 011  031] 012  0.6( 012 036012 043] 012 031

Headline excluding

0.11 0.46 0.11 0.29 0.12 0.5 0.11 0.34 0.11 04 012 031
fresh products

Food 0.18 0.87 0.17 0.72 0.22 1.47 0.19 072019 094 017 047

Fresh products 022 345 030 341 | 071 921 | o026 292/ 037 475| 025 349

Manufactured products | 0.04 093 | -003 026 004 0.8 002 046002 068| 001 104

Energy 0.21 194 | 024 212 022 1.81 0.23 191022 194 | 030 166

Services 0.13 0.59 0.14 0.50 0.13 0.8( 0.13 0.46 0.13 0.59 0.15 0.41

Note: Moments computed from the first-difference in thgarithm of monthly price indices over the peri@P9m01 to
2018m04. DCOMs refers to the unweighted averagesa@ib four overseas territories.

Do inflation rates co-move across French terrig®i&Ve find that total CPI is significantly
correlated between DCOMs and France with an aveaugelation of 0.14, except for La Réunion
(Table A.2). The correlation is on average strond positive for services (0.7) but smaller for
manufactured products and energy (0.2 to 0.3) tleiecholds true for all DCOMs except for La
Réunion in which the CPI of manufactured produstseagatively correlated with that of France.
The CPI of food is not-significantly correlatedween DCOMs and France (0.11 on average), with
zero correlation for fresh products. In section2.We discuss some of the channels that might

explain these heterogeneous correlations betwges tf goods and services.
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Table A.2 —Correlations between main CPIl in DCOMs and in Feai1®99m01-2018m04)

Component Guadeloupe Guyane La Réunion Martinique DCOMs
Headline 0.22 0.12 -0.04 0.12 0.14
[0.001] [0.06] [0.51] [0.06] [0.04]
Headline excluding fresh 0.28 0.16 -0.05 0.24 0.19
products [0.000] [0.02] [0.43] [0.000] [0.003]
Food 0.10 0.09 0.08 -0.07 0.11
[0.12] [0.16] [0.22] [0.26] [0.11]
Fresh products 0.05 0.02 0.02 -0.12 0.00
[0.46] [0.76] [0.76] [0.06] [0.95]
Manufactured products 0.31 0.38 -0.21 0.36 0.23
[0.000] [0.000] [0.001] [0.000] [0.000]
Energy 0.31 0.28 0.21 0.37 0.35
[0.000] [0.000] [0.001] [0.000] [0.000]
Services 0.41 0.59 0.58 0.44 0.70
[0.000] [0.000] [0.000] [0.000] [0.000]
Note: p-values between brackets
Table A.3 —Coverage ratio of local production
Fruits Vegetables
Fresh All Fresh All
Guadeloupe 44 % 16 % 55 % 43 %
Martinique 31% 13% 39 % 26 %
Guyane 94 % 79 % 90 % 81 %
La Réunion 62 % 34 % 68 % 48 %

Note: The table shows the coverage ratio of local pradndor fruits and vegetables in the 4 DCOMSs, bath f
fresh products (Fresh) and the sum of fresh andfmesih products (All)Source: Observatoire des économies
agricoles ultramarine$2021})- La couverture des besoins alimentaires dans les DCOM

Table A.4 Composition of CPI aggregates

Fresh food 01131  Fresh or chilled fish
+ 01133  Fresh or chilled seafood
+ 01161  Fresh or chilled fruit
+01171  Fresh or chilled vegetables other thantpessand other tubers
+ 011741 Fresh or conserved potatoes
Other food 0111 Bread and cereals
+ 0112 Meat
+01132  Frozen fish
+ 01134  Frozen seafood
+ 01135  Dried, smoked or salted fish and seafood
+ 01136  Other preserved or processed fish and egdifased preparations
+ 0114 Milk, cheese and eggs
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+ 0115 Oils and fats
+ 01162  Frozen fruit
+ 01163  Dried fruit and nuts
+ 01164  Preserved fruit and fruit-based products
+ 01172  Frozen vegetables other than potatoesthed tubers
+ 01173  Dried vegetables, other preserved or pseckgegetables
+ 011742 Processed potatoes (excluding crisps)
+ 01175  Crisps
+ 01176  Other tubers and products of tuber vegesabl
+0118 Sugar, jam, honey, chocolate and confeatyone
+ 0119 Food products n.e.c.
+012 Non-alcoholic beverages
+ 021 Alcoholic beverages
Footwear and garments 0311 Clothing materials
+ 0312 Garments
+ 0313 Other articles of clothing and clothing asteies
+ 0321 Shoes and other footwear
Pharmaceutical products 0611 Pharmaceutical products
+ 06131  Corrective eye-glasses and contact lenses
+ 06132  Hearing aids
+ 06139  Other therapeutic appliances and equipment
Other manufactured products | 0431 Materials for the maintenance and repaihefdwelling
+ 0511 Furniture and furnishings
+ 05121  Carpets and rugs
+ 05122  Other floor coverings
+ 05201  Furnishing fabrics and curtains
+ 05202 Bed linen
+ 05203  Table linen and bathroom linen
+ 05209  Other household textiles
+ 0531 Major household appliances whether eleotricot
+ 0532 Coffee machines, tea makers and similariapms
+ 054 Glassware, tableware and household ustensils
+ 05511  Motorised major tools and equipment
+ 05521  Non-motorised small tools
+ 05522 Miscellaneous small tool accessories
+ 0561 Non-durable household goods
+ 0612 Other medical products
+ 071 Purchase of vehicles
+ 0721 Spare parts and accessories for personaptet equipment
+ 07224  Lubricants
+ 08201  Fixed telephone equipment
+ 08202  Mobile telephone equipment
+ 08203  Other equipment of telephone and telefaipagent
Equipment for the reception, recording and reprtidn®f sound
+ 0911 and picture
Photographic and cinematographic equipment andalpti
+ 0912 instruments
+ 0913 Information processing equipment
+ 0914 Recording media
+ 0921 Major durables for outdoor recreation
+ 0922 Musical instruments and major durablesridobr recreation
+ 0931 Games, toys and hobbies
+ 09321  Equipment for sport
+ 09322  Equipment for camping and open-air reaveati
+ 0933 Gardens, plants and flowers

36



+ 093421 Products for pets
+ 095 Newspapers, books and stationery
+121211 Electric appliances for personal care
+1213 Other appliances, articles and productpdosonal care
+123111 Jewellery
+123121 Clocks and watches
+123211 Travel goods
+123221 Atrticles for babies
+123291 Other personal effects n.e.c.
Energy 0451 Electricity
+ 0452 Gas
+ 0453 Liquid fuels
+ 0454 Solid fuels
+ 07221  Diesel
+ 07222  Petrol
+ 07223  Other fuels for personal transport equigmen
Petroleum products 04522 Liquefied hydrocarbons (butane, propatte) e
+ 0453 Liquid fuels
+ 07221  Diesel
+ 07222  Petrol
+ 07223  Other fuels for personal transport equigmen
Rents 0411 Actual rentals paid by tenants
+ 0441 Water supply
+ 0442 Refuse collection
+ 0443 Sewage collection
+ 0455 Heat energy
+ 05204  Repair of household textiles
+ 05523  Repair of non-motorised small tools andcallaneous accessories
Health services 062 Out-patient services
Transportation services 0731 Passenger transport by railway
+ 0732 Passenger transport by road
+ 0733 Passenger transport by air
+ 0734 Passenger transport by sea and inland wagerw
+ 0735 Combined passenger transport
Communication services 081 Postal services
+ 083 Telephone and telefax services
Other services 0314 Cleaning, repair and hire of clothing
+ 032201 Repair and hire of footwear
+ 0432 Services for the maintenance and repahietitvelling
+ 0444 Other services relating to the dwellingm.e.
+ 05123  Services of laying of fitted carpets amaflcoverings
+ 0513 Repair of furniture, furnishings and floowerings
+ 05204  Repair of household textiles
+ 0533 Repair of household appliances
+ 05404  Repair of glassware, tableware and houdeltehsils
+ 05512  Repair, leasing and rental of major toats equipment
+ 05523  Repair of non-motorised small tools anccalianeous accessories
+ 0562 Cleaning services
+ 0723 Maintenance and repair of personal trangmpripment
+ 0724 Other services in respect of personal tremgguipment
+ 0736 Other purchased transport services
+ 08204  Repair of telephone or telefax equipment
Repair of audiovisual, photographic and informafioacessing
+ 0915 equipment
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+ 0923

+ 09323
+ 09341
+ 0935

+ 094

+ 096
+10
+11
+1211
+121221
+123131
+ 123231
+124

+ 125
+126
+127

Maintenance and repair of other major durablesdoreation and
culture

Repair of equipment for sport, camping @pen-air recreation
Purchase of pets

Veterinary and other services for pets

Recreational and cultural services

Package holidays

Education

Restaurants and hotels

Hairdressing salons and personal groomitadpkshments
Repair of electric appliances for perscaat

Repair of jewellery, clocks and watches

Repair of other personal effects

Social protection

Insurance

Financial services n.e.c.

Other services n.e.c.
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A.2 Real activity

Table A.5— Descriptive statistics on real activity

Guadeloupe Guyane La Martinijue  DCOMs
Réunion
Employment (share in total, in %)*
Agriculture (AZ) 1,48 0,74 1,12 3,75 1,77
Food manufacturing (C1) 2,47 1,13 2,58 2,20 2,09
Extractive industry (C2) 1,83 2,77 1,47 2,14 2,05
Manufacturing — machines (C3) 0,19 0,16 0,29 0,17 0,20
Manufacturing — transports (C4) 0,02 0,27 0,04 0,02 0,09
Manufacturing — other (C5) 2,62 3,93 2,62 2,43 2,90
Construction (FZ) 4,88 6,25 5,69 4,94 5,44
Car repair (G2) 12,64 9,30 13,10 11,47 11,63
Transports (HZ) 4,69 5,12 4,79 4,68 4,82
Accomodation — restaurants (12) 3,90 3,40 2,96 4,00 3,56
Information — communication
services (J2) 1,82 1,20 1,65 1,70 1,59
Finance — insurance (K2) 2,79 1,17 2,32 2,92 2,30
Real estate (LZ) 0,56 0,62 0,79 0,67 0,66
Scientific — administrative (MN) 8,22 6,51 8,23 8,89 7,96
Public administration (OQ) 44,55 51,12 42,35 41,14 44,79
Other services (RU) 6,21 4,33 8,96 7,92 6,85
Interim 1,09 2,13 1,10 1,02 1,34
Number of overnight stays in hotels
90,74 28,81 87,83 102,75 77,53

(thousands)**

Note: The table shows average values of real actiatjables used in the main analysis, from the beggqaf data
availability until April 2018. * Data since 2010* Data since 2011; ***Data since 2000
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A.3 Meteorological data

Figure A.1. Location of weather stations

a) La Reunion b) Guyane
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Figure A.2. Wind speed via remote sensing

a) La Reunion b) Guyane
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Guyane.
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Figure A.3. Precipitation via remote sensing
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Note: Precipitation via remote sensing from the Climatedittion Center (CPC), measured on a 0.5-degreeigrid
millimeters per day. Panels a) to d) show the maxindaily precipitation, which are 319.11 mm, 29201.10n La Reunion,
141.06 mm, 28.09.2016 on Martinique, 252.59 mm11.9999 on Guadeloupe, and 212.79 mm, 08.04.20GQiyane.
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Table A.6 Météo France events

Region Date Event name Event type
La Réunion 24-Feb-2007 Gamede cyclone

La Réunion 3-Mar-2006 Diwa cyclone

La Réunion 21-Jan-2002 Dina cyclone

La Réunion 3-Jan-2018 Ava cyclone

La Réunion 9-Mar-1999 Davina cyclone

La Réunion 4-Mar-2018 Dumazile cyclone

La Réunion 1-Jan-2014 Bejisa cyclone

La Réunion 7-Mar-2015 Haliba cyclone
Guyane 15-May-2013 - extreme rain
Guyane 24-Jan-2010 - extreme rain
Guyane 1-Jun-2008 - extreme rain
Guyane 8-May-2006 - extreme rain
Guyane 30-Apr-2000 - extreme rain
Guyane 17-May-2000 - extreme rain
Guadeloupe 10-Nov-2018 - extreme rain
Guadeloupe 18-Sep-2017 Maria hurricane
Guadeloupe 12-Oct-2012 Rafael hurricane
Guadeloupe 3-Jan-2011 - extreme rain
Guadeloupe 30-Aug-2010 Earl hurricane
Guadeloupe 17-Aug-2007 Dean hurricane
Guadeloupe 18-Nov-1999 Lenny hurricane
Guadeloupe 21-Oct-1999 Jose hurricane
Martinique 16-Apr-2018 - extreme rain
Martinique 31-Dec-2017 - extreme rain
Martinique 28-Sep-2016 Matthew hurricane
Martinique 6-Nov-2015 - extreme rain
Martinique 12-Oct-2012 Rafael hurricane
Martinique 1-Aug-2011 Emily hurricane
Martinique 30-Oct-2010 Tomas hurricane
Martinique 4-May-2009 - extreme rain
Martinique 17-Aug-2007 Dean hurricane
Martinique 18-Nov-1999 Lenny hurricane

Note: Events obtained from Météo France websites doctingerextreme
events in the four regions:
http://pluiesextremes.meteo.fr/lareunion/Le-cluls-880-mm.htm|

http://pluiesextremes.meteo.fr/quyane/-Evenemergsianables-.html

http://pluiesextremes.meteo.fr/antilles/-Evenemenésnorables-.html




Table A.7 Summary statistics of meteorological data

Precipitation Wind speed
Remote sensing Weather stations ~ Remote sensing Weather stations
(CPC) (GSOD) (CCMP) (GSOD)
Mean SD Mean SD Mean SD Mean SD
La Reunion  43.25 45.92 110.08 122.48 13.12 2.55 2.75 0.46
Guyane 69.82 30.97 142.67 86.21 10.06 1.31 1.62 0.35
Guadeloupe 36.67 25.10 89.03 92.81 11.61 1.58 1.99 0.58
Martinique  40.36 23.98 97.32 79.19 11.17 1.26 245 0.70
Unweighted
average 47.53 31.49 109.78 95.17 11.49 1.68 2.20 0.52

Note: All data was harmonized for comparability. Precipitation is measured in cumulative millimeters per day (conversion:
.01 inches = 0.254 mm). Wind speed is measured in meters/second (conversion: .1 knots = 0.0514444 m/s).

A.4 Administrative disaster databases

Table A.8 -Share of total administrative shocks occurringanlemonth

Guadeloupe —
Martinique —
Month La Réunion Guyane
1 26,09 6,52
2 34,78 0
3 8,7 2,17
4 21,74 6,52
5 4,35 17,39
6 0 2,17
7 0 2,17
8 0 6,52
9 0 17,39
10 0 15,22
11 0 15,22
12 4,35 8,7

Note: The table shows the share of total number of agtnative shocks occurring during each calendantmo
decomposing between La Réunion (located in thehsomthemisphere) and the three other DCOMSs (lodattéte northern
hemisphere). 34.78 % of all shocks in La Réunioinduthe month of February.
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Appendix B. Additional results

Figure B.1 —First stage fitted values: Predicted probabilitgignificant disaster
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Note: The figure shows the density plot of fitted valdggof model (1). Since the dependent variable is dicator variable
associated with natural disaster events with l@gmomic damages, we interp@t as the predicted probability of an
economically significant natural disaster as a fiomcof meteorological data.

Figure B.2— First stage fitted values: Figure B.3— First stage fitted values:
predicted probability conditional on the predicted probability conditional on the
occurrence of GASPAR shocks occurrence of EM-DAT shocks
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Figure B.4 - First stage fitted values: predicted probabiliyditional on the occurrence
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Table B.1- Baseline effects on CPI inflation for all avaie aggregates

T=0 T=1 T=2 T=3 T=4 T=5 T=6
Food excl. tobacco 0.004 0.017**  0.024**  0.011* -0.000 0.002 0.003
(1.48) (3.55) (3.29) (1.79) (0.08) (0.46) (0.66)
Other food 0.001 0.001 0.002* 0.002 -0.000 0.003** 0.002
(0.58) (0.58) (1.81) (1.08) (0.19) (2.17) (1.06)
Fresh products 0.022 0.097**  0.121***  0.058** 080 0.003 0.015
(1.51) (3.95) (3.47) (2.10) (0.41) (0.16) (0.72)
Tobacco -0.001 -0.004 -0.000 0.006 0.004 0.007 0.008
(0.14) (0.69) (0.00) (0.59) (0.35) (0.58) (0.61)
Energy -0.000 0.006 0.012 0.013 0.019 0.020 0.020*
(0.08) (0.79) (1.38) (1.13) (1.55) (1.55) (1.75)
Petroleum products -0.002 0.008 0.017 0.016 0.025 .0260 0.026*
(0.20) 0.71) (1.35) (1.03) (1.46) (1.48) (1.71)
Manufactured products -0.002* -0.006*** -0.007*** -0.006*** -0.008*** -0.006*** -0.003
(1.75) (3.10) (3.57) (3.09) (3.65) (2.90) (1.28)
Other manuf -0.000 -0.001 -0.002 -0.002 -0.002 00.0 -0.002
(0.57) (1.58) (1.32) (1.46) (1.40) (1.06) (1.13)
Footwear and garments -0.007 -0.026***  -0.031*** .GRO*** -0.031** -0.028** -0.008
(1.07) (3.20) (3.89) (2.72) (3.37) (2.77) (1.08)
Pharmaceutical products -0.001 -0.001 0.000 -0.003*-0.002 -0.002 -0.004*
(0.45) (0.36) (0.14) .77) (1.17) 0.87) (1.73)
Services -0.001 -0.002 0.002 0.003 0.005** 0.006** 0.008***
(1.26) (1.18) (0.81) (1.54) (2.21) (2.42) (3.31)
Other services -0.001 -0.001 0.002 0.004** 0.006** 0.004* 0.006**
(0.75) (0.54) (1.06) (2.16) (2.52) 1.72) (2.32)
Rents -0.001 -0.002** 0.001 0.001 0.003 0.003 0004
(0.73) (2.40) (0.54) (0.74) (1.18) (1.32) (1.65)
Communication services -0.002 -0.003 -0.002 -0.004 -0.003 -0.002 0.001
(1.02) (0.92) (0.58) (1.15) (0.81) (0.53) (0.14)
Health services -0.003** -0.002 -0.002 -0.002 -200 -0.001 -0.001
(2.21) (0.93) (0.99) (0.70) (0.81) (0.18) (0.44)
Transportation services -0.017 -0.011 0.025 0.061**0.059* 0.097** 0.078*
(0.63) (0.35) 0.97) (2.26) (1.67) (2.47) (1.95)
Total -0.000 0.002 0.005** 0.003 0.001 0.003 0.005**
(0.36) (1.02) (2.24) (1.37) (0.70) (1.32) (2.54)
Total excluding fresh products -0.001 -0.002* 0.000 0.001 0.002 0.003* 0.005*+*
(1.37) (1.76) (0.19) 0.71) (0.96) (1.68) (2.83)
N 926 926 926 926 926 926 926

Note: Cumulative impulse response functions of consumieegiin the 4 DCOMs estimated between 1999m01 ah8r204,
usinga 2SLS local projections. T-stat with robust staddarors in parentheses.
*p < 0.10; **p < 0.05; *** p < 0.01.
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Table B.2 -Main effects of meteorological extreme events ait@al employment and on

hotel stays (2SLS)

T=0 T=1 T=2 T=3 =4 =5 =6
Hotel stays
Overnight hotel stays -0.051 0.208* 0.285** 0.442*  0.628*** 0.639*** 0.577**
(0.58) (1.93) (2.59) (3.51) (4.30) (4.45) (4.06)
Employment
Total -0.001 -0.002 -0.003 -0.004 -0.004 -0.002 ooea.
(1.12) (1.00) (1.30) (1.09) (1.03) (0.57) (0.50)
Agriculture (AZ) -0.005 -0.033** -0.041%+* -0.027 0.016 -0.001 0.001
(0.65) (2.55) (2.91) (1.55) (0.82) (0.06) (0.04)
Food manuf. (C1) -0.003 -0.004 -0.005 0.010 0.001 .00® -0.004
(0.57) (0.49) (0.51) (0.78) (0.09) (0.19) (0.33)
Extractive industry (C2) -0.000 0.001 -0.008 -0.008 -0.015 -0.011 0.001
(0.12) (0.09) (0.94) (0.89) (1.24) (0.98) (0.05)
Manuf. — machines (C3) -0.001 0.015 0.009 0.018 03D. 0.061** 0.055**
(0.11) (1.08) (0.53) (0.99) (1.64) (2.42) (2.97)
Manuf.-transports (C4) 0.017 -0.027 -0.046 -0.043 0.134 -0.146 -0.155
(0.35) (0.38) (0.54) (0.47) (2.07) (1.19) (1.30)
Manuf. — others (C5) -0.003 0.000 -0.004 -0.004 0060. 0.002 0.006
0.97) (0.08) (0.57) (0.54) (0.03) (0.23) (0.74)
Construction (FZ) -0.005 -0.004 -0.017 -0.017 -0.00 -0.010 -0.009
(1.25) (0.72) (1.93)* (1.63) 0.77) (0.79) (0.58)
Car repair (GZ) -0.004 -0.002 -0.004 -0.004 -0.004  -0.005 -0.005
(1.24) (0.53) (0.94) (0.94) (0.82) (0.81) (0.74)
Transports (HZ) -0.001 0.001 0.004 0.003 0.005 ®.00 0.003
(0.32) (0.30) (0.61) (0.47) (0.72) (1.14) (0.34)
Accom. — restaurants (1Z) -0.000 0.006 0.003 0.002 0.007 0.008 0.002
(0.05) (1.02) (0.47) (0.26) (0.95) (0.91) (0.19)
Info. — comm (JZ) -0.008 -0.014 -0.013 -0.013 -2.01 -0.008 0.009
(1.04) (1.32) (1.01) (1.20) (1.12) (0.67) (0.58)
Finance — insurance (KZ) 0.004 0.012* 0.014** a1 0.003 0.004 0.002
(1.20) (1.99) (2.15) (1.85) (0.52) (0.56) (0.25)
Real estate (LZ) 0.003 -0.006 -0.006 -0.004 -0.016 -0.007 0.006
(0.44) (0.70) (0.60) (0.41) (1.27) (0.59) (0.46)
Scientific — admin (MN) -0.003 -0.003 -0.006 -0.006 -0.004 0.000 -0.004
(1.17) (0.50) (1.03) (0.85) (0.53) (0.01) (0.34)
Public admin (OQ) -0.001 -0.005 -0.004 -0.006* are -0.007 -0.003
(0.28) (1.45) (1.30) (1.74) (1.89) (1.47) (0.70)
Other services (RU) 0.000 -0.006 -0.014* -0.023**  0.035*** -0.034** -0.032%*
(0.09) (1.03) 1.77) (2.34) (3.28) (3.21) (2.84)
Interim 0.015 0.079 0.062 0.117* 0.077 0.133 0.030
(0.33) (1.32) (0.97) (2.04) (1.26) (2.10)** (0.47)

Note: Cumulative impulse response functions of real agtivata in the 4 DCOMs estimated between 1999m02ah8mo04,
usinga 2SLS local projections. T-stat with robust staddarors in parentheses.
*p < 0.10; **p < 0.05; *** p < 0.01.
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Appendix C. Constructing an IRF for each quintile d income

The main difficulty to merge the CPI data with tBedget des familles that theBudget des
famillesconsumption basket and the CPI aggregates we @padidthough they are based on
the same underlying classification (COICOP), hatfering compositions. This prevents from
mapping perfectly the two sets of items. We theefocus on the item that reacts the most
strongly in our estimation, namely food. Howeveecanciling the two dataset is not
straightforward. Indeed, while Insee publishes @ of fresh products and total excluding
fresh products, the share of fresh products inctiresumption baskets is not observed in the
Budget des famillesurvey. Conversely, while tHgudget des famillesurvey gives weight for
total food (including tobacco), the food CPI pubésg by Insee excludes tobacco. We therefore
resort to the following simple approximation. Fjrst theBudget des famillesurvey, for each
quintile of income, and on average across the fiepartments, we compute the percent
deviation in the share of food (including tobacammpared to the average share. Second, we
apply these percent deviations to the average weiginesh product observed in our sample.
This gives us estimated weights of fresh produatsebch quintile. We therefore implicitly
assume that the deviation of weights of fresh petslbetween the quintiles and the average is
the same as the observed deviation of weightsaaf fiacluding tobacco, and that the deviation
of weights of food products observed in 2017 betwé#®e quintiles and the average is
representative of the deviations which occurredvbeh 1999 and 2018. Finally, we combine
the estimated baseline impulse response functmmnigesh products and total excluding fresh
products with these set of weights for fresh préslU@and their respective counterparts,
corresponding to the weights of total excludingsfrgroducts for the different quintiles) to

derive an estimated impulse response functiontaf @PI for each quintile.

Table C.1 Share of food (incl. tobacco) in the householdstonption basket, by quintile of
income (2017)

Guadeloupe Martinique Guyane La Réunion Average
Total 15.8 16.0 15.8 17.0 16.2
18 quintile 19.8 19.9 21.2 23.3 21.1
2" quintile 20.1 18.0 20.7 21.9 20.2
34 quintile 16.5 16.5 16.2 17.2 16.6
4" quintile 15.8 15.3 15.2 15.7 155
5 quintile 12.4 13.9 12.2 14.5 13.3

Note: This table presents the share of food (includinzatco) in the household consumption basket, acugrtieEnquéte
Budget des Famillesf 2017 The average across the 4 DCOMs is computed as agigimed mean.
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Appendix D. Composition of consumer baskets acro$3COMs

The composition of consumption baskets is hetermges across French territories and changes
over time. Table D.1 reports the weights of eadiegate according to the French statistics institut
(Insee) over the period of interest, in each tayjtand the unweighted mean over the sample. Food
including tobacco represents about 18% of the coastasket in the considered territory at the
end of the sample, with a weight that is declirorgr time. Fresh products represent roughly 10%
of the food basket in 2018 (1.6% of CPI basket), ismweight strongly decreased over time from
5,9% in 1999. Services represent about 45% ofdhswner basket at the end of the sample, with
a maximum weight of 47% in La Reunion and a mininwerght of 43% in Guadeloupe. Contrarily
to food, the weight of services is increasing awee in all territories. The main component is othe
services (see Appendix A.1 for details about thepmsition of this aggregate), which represents

about 22% of the total basket in 2019, and whosghwéncreased over time. Manufactured

products represent 29.9% of the CPI basket in 2009,slightly above the sample mean.

Table D.1 —Weight of the main aggregates of Consumer Pricexnd

Guadeloupe Guyane La Réunion Martinique DCOMs Frane

Aggregate Weight Weight Weight Weight Weight Weight Weigh Weight Weight Weight Weight Weight

2018  1999-2018| 2018  1999-2018| 2018  1999-2018| 2018  1999-2018| 2018  1999-2018| 2018  1999-2018
Food 1709 2226 1757 2359 1812 2181 1897 2140 1794 2006 | 1820**  1849**
Fresh products 179 453 162 402 121 263 180 463 160 395 243 218
Other food 1441 1698 1434 1847 1523 1748 1601 1623 1500 1729 1384 1460
Tobacco 89 75 161 110 168 172 116 55 133 103 193 3 19
Manufactured 3344 3025 2930 2535 2748 3054 2871 2850 2973 2867 594 2 2949
products
Footwear and 482 626 663 616 506 641 483 676 533 640 416 477
garment
Other manuf. 2290 2101 1850 1705 1932 2204 1924 1925 1999 1985 7531 2029
products
Pharmaceutical 572 298 417 214 360 209 464 249 453 24p 425 443
products
Energy 694 903 789 733 642 748 791 858 729 810 777 776
Petroleum products 498 691 572 507 464 532 592 645| 531 594 408 454
Services 4253 3847 4524 4372 4748 4019 4441 4182 4491 4096 809 4 4404
Transportation* 223 428 304 440 256 424 163 23p 236 382 282 246
Communication* 409 287 390 387 374 445| 425 350 399 367 223 257
Health 714 367 566 236 968 387 657 34 726 334 617 534
Rents 774 820 1239 1618 907 989 904 1014 956 1110 64 7 750
Other services 2132 2063 2025 1878 2243 1970 2292 258 2 2173 2042 2923 2617

* Data available only since 2010 for all DCOMs.

Note: The table shows the weight of the main componeih@Pd in the 4DCOMSs, and in France, for 2018 andtfierperiod

1999-2018. The average for the 4 DCOMs is an unvieijmean.
Comparing, the weights in DCOMs to those in metlitgpoFrance, three facts stand out. First, the
structure of weights is more stable over time irtrapolitan France. Second, the weights in

49



DCOMs and in France differ mainly with respectdod excluding fresh products (which is higher
in DCOMSs) and service (which is lower in DCOMSs).ifGlty, the composition of consumption
baskets in DCOMs are converging to that of France.
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