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A quick summary

• How does economic activity respond to and recover from extreme weather
events?

• New evidence using geospatially and temporally granular macroeconomic
and weather data for Spain

• Monthly Synthetic Indicator of Economic Activity (MSIEA) for NUTS-3 regions
• Intensity-weighted extreme-weather shocks

• Incorporate mediating factors at the regional level that will affect extent of
damages and recovery speed

• Capital density, fiscal space and insurance coverage
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Main takeaways

1. Floods, windstorms and wildfires initially all cause a contraction in regional
economic output per capita, but with differing magnitudes and degrees of
persistence

Figure 6: Impulse responses of per capita GDP to extreme weather events
(Percentage points deviation from pre-shock level, panel local projections)
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Note: graphs show impulse responses functions, derived from a panel local projections approach, in response to a median shock of the type
mentioned above the chart.

4.2 Assessing the transmission channels of extreme weather events

To examine underlying monthly dynamics, we apply equation (1) to each component of the MSIEA, se-
quentially treating each monthly series as the dependent variable and deriving IRFs for each extreme
weather type. This sheds light on the macroeconomic transmission mechanisms of floods, windstorms
and wildfires, and the drivers of the recovery.

As shown in Figure 7, for the three event types considered, employment is the dominant transmission
channel, driving both the initial contraction and (part of) the subsequent recovery dynamics. Employ-
ment moves broadly in line with per-capita GDP, albeit with smaller amplitudes. Effects on employment
are particularly persistent following windstorms, where the return of employment to pre-event levels oc-
curs beyond the three-year projection horizon, if at all. This is consistent with evidence presented in Jia
et al. (2025) and Eickmeier et al. (2024), both of which document substantial persistence in post-disaster
labour-market adjustments. The slow recovery in employment after windstorms may reflect longer-lasting
disruptions to production capacity and local physical infrastructure.

Comparing the output and employment responses reveals several noteworthy patterns. In the case of
floods, mirroring findings of Jia et al. (2025), we find that the response of output is larger and more per-
sistent than that of employment. While employment normalises by the end of the three-year projection
horizon, output remains below trend. Windstorms display a different dynamic: output recovers more
quickly than employment (but more slowly than in the case of floods). These differences might be driven
by greater insurance coverage and greater public fiscal support in case of floods. This would imply a
greater hit to firms’ cashflow from windstorms, with implications for firms’ access to finance, resulting in
more persistent employment effects.15 Wildfires represent a more muted response profile, with both per-
capita GDP and employment converging back to baseline after two years, indicating that neither demand-
nor supply-side frictions constrain the recovery after three years.

Investment behaviour, proxied by new construction activity, also provides insight into post-event adjust-
ment. Following windstorms, new construction falls; this is consistent with reconstruction absorbing

15 This is consistent with more than 75% of CCS payouts over the sample period having been related to floods (and 25% to storms;
for both floods and storms only to those events deemed extraordinary). Wildfire damage is generally not covered by CCS.

14

2



Main takeaways

2. For the three event types
considered, employment is the
dominant transmission channel,
driving both the initial contraction
and (part of) the subsequent
recovery dynamics

Figure 7: Impulse responses of monthly raw indicators to extreme weather events
(Percentage points deviation from pre-shock level, panel local projections)
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Note: graphs show impulse responses, derived from a panel local projections approach, in response to a median shock of the type mentioned

above the chart. IRFs were smoothed using a cubic spline.

resources that would otherwise finance new building activity. The weakening of new construction after
windstorms may also reflect lower household income, which reduces demand for new housing. Interest-
ingly, no event type considered exhibits a notable investment boom in its aftermath.16 In the case of floods,
the tourism sector absorbs much of the impact, with nights spent in tourist accommodation falling sharply

15
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Main takeaways

3. Regions with high capital density,
limited fiscal space or low
insurance coverage see deeper and
more persistent output declines,
especially after floods

Figure 8: Impulse responses of per-capita GDP to extreme weather events, by mediating factor
(Percentage points deviation from pre-shock level, panel local projections)
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Note: graphs show impulse responses, derived from a state-dependent panel local projections approach, in response to a median shock of the
type mentioned above the chart. Regions are divided into high and low capital per worker regions based on the capital-to-worker ratio.

Regions are divided into high and low fiscal space regions based on a composite indicator of regional fiscal space. Regions are divided into high
and low insurance coverage based on the ratio of insured to total capital. IRFs were smoothed using a cubic spline.

for each factor. Hence, state classifications provide sufficiently balanced groups to identify meaningful
heterogeneity in shock transmission.

As shown in Figure 8, we find that – especially in the case of floods – regions with above-average cap-
ital per worker experience a more persistent and more severe contraction in output after an event, with
more limited recovery after three years than lower-capital regions. This result may reflect fixed assets’
susceptibility to disruptions and their role in supply chains. In the case of windstorms and wildfires,
higher-capital regions experience also experience a marginally more severe contraction after an event,
though differences between high and low capital-density regions are only partially significant.

Greater insurance coverage is linked to less severe long-term output losses from extreme events and faster
recovery, for floods, windstorms and wildfires. Our measure of insurance coverage serves as a proxy for
the share of capital that would be replaced in the event of an extreme event. Especially for floods, regions
with high insurance coverage experience a significantly greater degree of recovery after three years than
those with low insurance coverage. For low insurance-coverage regions, output losses from floods are
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First assessement

• Great paper on a very timely and important topic!

• Complete package with:
• Novel measure of high-frequency province-specific economic activity
• Definition of shocks based on meteorologically-derived intensity score

• Important policy implications given interest in integrating climate risk into
macroeconomic policy frameworks
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Overview of my comments

1. Methodology: panel local projections vs. difference-in-differences estimators

2. Mediating factors: measurement, (repeated) exposure

3. Transmission channels: relative contributions

4. Minor comments: variables, specification, potential extensions
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Panel local projections vs. DiD estimators

• Estimate the effects of extreme weather events using a panel local
projections (LP) approach in the spirit of Jordà (2005)

∆hyi,t+h = αhi + βhWi,j,t +
P∑
p=1

ϕh1p∆
hyi,t+h−p +

Q∑
q=0

ϕh2q∆
hxi,t−q + γhWi,J,t + εi,t+h

• Chaisemartin and D’Haultfoeuille (2024): Local-projection regressions do not
cleanly recover the effect at horizon h (βh) in these designs

• mix together the effects of multiple treatment changes at multiple lags
• assign negative weights to some of those effects
• can produce sign reversals even when all true treatment effects are positive
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Panel local projections vs. DiD estimators

• When do these LP failures become particularly severe?
1. Treatment moves up and down (non-absorbing)
2. Multiple treatment changes for the same unit
3. Lagged effects exist
4. Heterogeneous timing of treatment

• Potential solution: Robustness checks using Chaisemartin and
D’Haultfoeuille (2024) DiD estimator of intertemporal treatment effects
and/or Dube, Girardi, Jordà, and Taylor (2025)’s LP-DiD approach to assess the
stability of the results
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Mediating factors: Measurement

• “We construct a NUTS-3 fiscal space indicator based on the sample period
average of municipal debt per capita and revenues per capita in each region”

• If mediating factors respond to past shocks there could be some bias in
interpreting the heterogeneity across regions

• Address by using long-run (pre-sample) mediating factors to define states
• This removes endogenous movements in capital density/fiscal
space/insurance coverage during the sample

9



Mediating factors: (Previous) exposure

Irisarri, Rábano, and Rosas (2025) explore adaptation mechanisms of firms in
India to extreme weather shocks

• Granular data for India’s
manufacturing sector firms
(2000-2010)

• Focus on most extreme floods:
recurrence interval greater than 10
years

• Classify districts based on historical
exposure to similar events Figure 1: District-level historical flood exposure

(1985-1999) 10



Mediating factors: (Previous) exposure

Figure 2: Geospatial distribution of temperature anomaly
(Continental Spain, 2000–2022)
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Source: Authors’ calculations based on AgERA5. Anomaly in maximum average annual temperature across regions compared to the 1979–1999
mean of maximum average annual temperatures.

Figure 3: Geospatial distribution of main climate-related shocks
(Frequency of extreme weather events of the type mentioned above the chart, per region, continental Spain,

2000-2022)
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Source: Authors’ calculations based on HANZE (for floods), Copernicus Climate Change Services (for windstorms) and Spain’s Ministerio para
la Transición Ecológica y el Reto Demográfico (for wildfires).

2 The literature on themacroeconomic effects of extremeweather events

How economies respond to and recover from extreme weather events is a question that is settled neither
theoretically nor empirically.4 In theory, a wide range of shock recovery paths can be rationalised (cf.
Hsiang and Jina, 2014, or Roth Tran and Wilson, 2024), summarised in Figure 4 and ranging from cre-
ative destruction to permanent scarring. Mirroring this, empirically, studies have concluded that extreme
weather events have positive (e.g., Roth Tran and Wilson, 2024), no significant (e.g., Strobl, 2011; Cavallo
et al., 2010; Ehlers et al., 2025) or negative (e.g., Felbermayr and Gröschl, 2014; Bodenstein and Scaramucci,

4

11



Mediating factors: (Previous) exposure

• What is the impact of floods on
firms’ key outcomes: output,
investment?

• Do firms in highly exposed
locations respond differently?

• Firms in high-risk locations show no
output losses, and even increase
their capital investment following
floods: “flood-preventing” capital

Figure 2: Dynamic effects of extreme floods on output
(top) and investment (bottom), by historical exposure
(low vs. high)
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Channels: Relative contributions

2. For the three event types considered, employment is the dominant
transmission channel, driving both the initial contraction and (part of) the
subsequent recovery dynamics

• Monthly GDP proxy is constructed via temporal disaggregation using a
constrained, non-linear combination of multiple indicators

• Responses of the individual indicators cannot be interpreted as additive
contributors to the GDP response, nor can the GDP–indicator differences be
viewed as evidence of relative channel strength

• The channel analysis remains informative descriptively, but cannot support
quantitative statements about the drivers or decomposition of the GDP IRFs
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Minor comments: Variables, methodology, extensions

• Why keep wildfires? Don’t seem to matter much for economic activity...

• What about non-linear effects? Most extreme events could have larger
effects on economic activity and/or be driving the results

• Do these estimates take into account potential spillover effects? (e.g.
tourism effects in neighboring, non-affected regions)

• IRFs: Barnichon and Brownlees (2019)’s Smooth Local Projections

• Potential extensions: effects on prices, regional financial conditions,
migration flows, etc; other countries
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To sum up

• Very exciting work, using novel, high-frequency, granular data to explore how
economic activity respond to and recover from extreme weather events

• Very interesting empirical results

• Clear implications for stabilization policies, disaster-relief efforts and
adaptation/resilience-building initiatives
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