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Abstract

We study the impact of climate anomalies on the distribution of income at the local level,
drawing on a newly constructed dataset of spatially disaggregated income inequality mea-
sures covering Italian municipalities from 2000 to 2021. We build geo-referenced indicators
of extreme rainfall, temperature anomalies, and severe weather events, and apply panel
regressions to estimate their effects on income growth across municipality-level income
groups, with particular attention to the lower end of the distribution. Our findings show
that climate shocks are locally regressive: they disproportionately harm the poorer 25%
of households, significantly reduce income growth for the poorer 50% but negligibly affect
the top 1%. Impacts are stronger for severe weather events, with precipitation-related
shocks proving more damaging than wind-related ones. The agricultural sector emerges
as a key channel mediating the relationship between climate shocks and inequality. By
documenting the distributional consequences of severe weather, this study contributes to
the growing evidence on the adverse socioeconomic impacts of climate change and deepens
our understanding of the mechanisms through which climate shocks exacerbate economic
disparities, even in a global north, rich country.
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1 Introduction

Climate change stands as one of the most urgent global challenges, profoundly af-

fecting not just the natural environment but also economic systems. A substantial

literature documents sizable—though heterogeneous in magnitude—impacts of tem-

perature anomalies on per capita GDP growth (Dell et al., 2012; Burke et al., 2015).

Related work also examines the persistence of these effects, with Acevedo et al. (2020),

Kahn et al. (2021), and Akyapi et al. (2022) showing that climate shocks influence

GDP growth not only contemporaneously but also over the long run. These impacts

are generally found to be larger in low-income countries, thereby widening income

gaps between nations (Diffenbaugh and Burke, 2019).

A rapidly expanding body of work also investigates whether climate change ex-

acerbates disparities within countries (for a review, see Méjean et al., 2024). Studies

have identified negative effects of precipitation anomalies on the income shares of the

bottom 50% in economies with strong agricultural dependence (Palagi et al., 2022),

as well as distributionally regressive impacts of temperature anomalies that rein-

force within-country inequality (Paglialunga et al., 2022), disproportionately affect-

ing lower-income households (Mumtaz and Theophilopoulou, 2024). Forward-looking

projections similarly indicate that climate anomalies are likely to further widen global

income inequality (Palagi et al., 2022; Gilli et al., 2024).

Research on the growth and distributional consequences of climate change has

also moved beyond annual average temperature and total precipitation, examining

instead global temperature shocks correlated with local extreme events (Bilal and

Känzig, 2024), precipitation extremes (Kotz et al., 2022), severe events and natural

disasters (Yamamura, 2015; Cappelli et al., 2021; Budina et al., 2023). These studies

confirm that the impacts are disproportionately borne by lower-income countries,

with the effects amplified in countries with higher income inequality.

Despite this progress, within-country analyses offering detailed insights into dis-

tributional impacts remain limited, often lacking the granularity needed to capture

heterogeneity across the income distribution (Coronese et al., 2025). In the case of

Italy—the focus of this study—Olper et al. (2021) highlight regional disparities, doc-

umenting nonlinear effects of temperature on provincial-level GDP, with southern

regions experiencing larger losses. However, this work does not account for inequal-

ity within administrative units, leaving open important questions about how climate

shocks shape income distribution at a more disaggregated level.
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In this study, we aim to fill this gap by examining how climate shocks affect differ-

ent income groups within a single high-income country, a setting in which impacts are

typically found to be more limited in global studies. We focus on Italy, located in the

Mediterranean climate-change hotspot and characterized by marked internal climatic

variation and orographic heterogeneity. Leveraging a newly constructed dataset on

the income distribution within Italian municipalities from 2000 to 2021 (Guzzardi

and Morelli, 2024), based on tax records and following the top-incomes literature

(Atkinson, 2007), we investigate the relationship between climate events and income

dynamics at a highly granular level.

Our approach combines municipal-level group-specific income growth data with

geo-referenced climate information from the ERA5 dataset of the Copernicus Data

Store, which provides daily temperature and precipitation at a 5.5 km resolution

across Europe, and the European Severe Weather Database (ESWD), which docu-

ments damaging weather events with precise timing and classification. Each weather

or disaster event is spatially matched to the municipality in which it occurs and with

population grids, allowing us to construct indicators of population-weighted expo-

sure to extreme rainfall, temperature anomalies, and severe weather events. This

integrated framework enables a detailed assessment of how climate shocks influence

growth across the income distribution within municipalities.

Using climate-econometric techniques following Kotz et al. (2022), we find that

climate anomalies and severe weather events are regressive: they disproportionately

harm the bottom 25% growth rates, significantly reduce income growth for the bot-

tom 50%, and have negligible effects on the top 1% within municipalities. Impacts are

strongest for severe weather events, with precipitation-related shocks proving more

damaging than wind-related ones. The agricultural sector emerges as a key channel

mediating the link between climate shocks and inequality. To the best of our knowl-

edge, this study provides the first comprehensive assessment of climate impacts across

local income groups at the municipal level using a broad set of climate indicators.

The structure of the paper unfolds as follows. Section 2 provides a detailed

overview of all the data sources and the methodology employed in our analysis. Sec-

tion 3 presents our main results. Finally, Section 4 concludes.
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2 Data and methods

This section describes the data sources and empirical strategy adopted in this work.

Section 2.1.1 discuss the income distribution dataset. Section 2.1.2 describes the

climate data and the construction of municipality-level climate indicators. Section

2.1.3 presents the data on severe weather events derived from the European Severe

Weather Database. Finally, Section 2.2 outlines the econometric framework used to

estimate the effects of climate stressors and severe events across different segments of

the local income distribution.

2.1 Data

2.1.1 Income data

Our aim is to reconstruct the impact of gradual and severe climate anomalies on

income distribution in Italy, leveraging newly reconstructed municipality-level income

distribution data covering the full universe of 7,903 Italian municipalities over the

period 2000–2021, as presented in Guzzardi and Morelli (2024).

This dataset is based on income reported to the Italian tax authority,1 and is

designed to address key limitations of raw fiscal data, including missing population

coverage due to non-filing, income under-reporting, and heterogeneity in reported in-

come categories. Through a sequence of tailored adjustments, is transformed into a

more comprehensive and internally consistent representation of income distribution

at the municipal level than raw tax records. First, it reconstructs income distribu-

tions for the entire adult population in each municipality, ensuring consistency with

population statistics from the National Statistical Office (Istat). Second, it adopts

a broad definition of income that includes wages and self-employment income net of

social security contributions, pensions, housing rents, and financial income from qual-

ified shares.2 Finally, it also accounts for major legislative changes affecting income

reporting over time and—unlike raw fiscal data—scales declared labor income and

pensions to match National Accounts aggregates. For a detailed description of these

adjustments, see Guzzardi and Morelli (2024).

Compared to GDP per capita, which is more commonly used in the climate-

1Raw data are publicly accessible through the Ministry of Economy and Finance.
2Qualified shares are defined as shareholdings exceeding either 20% of voting rights in ordinary

assemblies or 25% of capital ownership.
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economy literature, our income measure is conceptually distinct but closely related.3

Nonetheless, while levels of GDP and income are not directly comparable, their tem-

poral dynamics are highly similar.4

2.1.2 Climate data

Climate data are drawn from the ERA5 CERRA-Land regional reanalysis produced

by Copernicus (Verrelle et al., 2022), covering Europe from 1985 to 2020. The data

are provided on a regular grid with a spatial resolution of 5.5 km × 5.5 km and

include daily precipitation totals (in millimeters) and near-surface average air tem-

perature measured at 2 meters above ground. This dataset has been widely used

in the climate–economy literature, including Kalkuhl and Wenz (2020); Kotz et al.

(2022, 2021); Callahan and Mankin (2022); Akyapi et al. (2022).

Using these raw climate variables, we construct a set of annual climate indicators

capturing different dimensions of temperature and precipitation variability, following

the approach of Kotz et al. (2022). These include measures of average temperature,

day-to-day temperature variability, total precipitation, rainfall variability, the number

of wet days, and extreme precipitation. All indicators are first computed at the grid-

cell level and subsequently aggregated to the municipality level, as described below.

To assign climate conditions to municipalities, we aggregate grid-level climate in-

dicators using population weights (Dell et al., 2014). This approach accounts for

the spatial distribution of residents within municipalities and avoids attributing cli-

mate conditions from uninhabited or sparsely populated areas—such as mountainous

regions—to the local population. Population weights are constructed using a high-

resolution (1 km × 1 km) population grid produced by the Italian National Statistical

Office (ISTAT, Fardelli and Mugnoli, 2023). Climate grids are intersected with the

population grid. When a grid cell overlaps multiple municipalities, climate values are

assigned proportionally based on the area of overlap before aggregating population-

weighted measures to municipal boundaries using ISTAT municipality shapefiles.

3GDP includes income components not directly accruing to individuals, such as retained corpo-
rate earnings, public sector income, and capital depreciation, as well as income that is under-reported
or unobserved in fiscal data.

4Comparing municipal income aggregated to the provincial (NUTS3) level with GDP per capita
from the ARDECO database (provided by Eurostat), reveals that the average gap between the two
is approximately e10,400. The two series are strongly correlated, with a pooled OLS correlation
coefficient of 0.87. Figures B.7, B.8, and B.9 in Appendix B.2 show that income and GDP per capita
exhibit remarkably similar trends across provinces.
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Figure 1: Municipalities with at least one weather event between 2000 and 2021.

2.1.3 Severe weather events data

In addition to continuous climate indicators derived from reanalysis data, we use in-

formation on discrete extreme weather events to capture sudden and localized shocks

that may not be fully reflected in average climatic conditions. A clear example is pro-

vided by extreme precipitation events: depending on the timing and concentration

of rainfall, local orographic conditions, and mitigation measures in place, unusually

high precipitation levels (see Section 2.1.2) may or may not translate into severe local

damage.

To this end, we draw on the European Severe Weather Database (ESWD, Dotzek

et al., 2009), a pan-European repository documenting severe weather events with pre-

cise spatial and temporal information. The ESWD records events reported by both

professional meteorologists and affected individuals and classifies them according to

their verification status. In our analysis, we retain only events confirmed by at least

one reliable source. The database documents a wide range of severe weather phenom-
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ena, such as avalanches, storms, lightning, extreme precipitation, and heavy snowfall.

Consistent with the temporal coverage of our income data, we restrict the sample to

events occurring in Italy between 2000 and 2021, yielding 11,426 recorded events. To

focus on episodes with direct economic relevance, we further restrict the sample to

events associated with documented physical damage or disruption to economic activ-

ity, resulting in 863 events over the period considered, whose geographical locations

are shown in Figure 1.5

2.2 Methodology

2.2.1 Climate variables

Following Kotz et al. (2022), we construct a set of temperature- and precipitation-

related indicators capturing different dimensions of climate variability and extremes,

which are computed at the grid-cell level and later aggregated to municipalities.

Temperature indicators : To capture the effects of gradual warming, we compute,

for each grid cell x and year grid cell y, both annual average temperature (Tx,y), and

its year-on-year change (∆Tx,y = Tx,y − Tx,y−1), entering the model in the functional

form described in Equations 5 and 6. We further construct a measure of day-to-day

temperature variability, denoted by T̃x,y, which has been shown to negatively affect

economic activity (Kotz et al., 2021). This measure is defined as:

T̃x,y =
1

12

12∑

m=1

√√√√ 1

Dm

Dm∑

d=1

(Tx,d,m,y − T x,m,y)2 (1)

where Tx,d,m,y denotes daily average temperature on day d of month m, Dm is the

number of days in month m, and T x,m,y is the corresponding monthly mean temper-

ature.

Precipitation indicators: We begin by computing total annual precipitation, de-

noted by Px,y, defined as the sum of daily precipitation over all days in year y at grid

cell x. Total precipitation captures overall water availability; it is commonly included

as a baseline precipitation control in climate impact studies (e.g. Burke et al., 2015)

and has beeen shown to have adverse economic impacts (Palagi et al., 2022; Barrios

et al., 2010).

5We rely on ESWD impact codes to identify damaging events, including damage to transport and
utility infrastructure, flooding of residential or agricultural areas, destruction of crops or greenhouses,
loss of livestock, fire outbreaks, and evacuation orders issued by authorities.
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We further include a measure of precipitation frequency, the number of wet days

(PW
x,y), defined as the number of days with at least 1 millimeter of precipitation:

PW
xy =

Dy∑

d=1

1(Pxd > 1) (2)

where 1(·) is a function equal to one when its argument is true, zero otherwise, and

Dy denotes the total number of days in year y. This variable is intended to capture

years characterized by infrequent rainfall, which are often associated with drought-like

conditions even in the absence of extremely low annual precipitation totals.

In an analogous manner, we construct a measure of extreme precipitation, PE
x,y,

defined as the total annual precipitation occurring on days exceeding P 99.9
x , the 99.9th

percentile of the grid-cell level historical daily precipitation distribution since 1985:

PE
xy =

Dy∑

d=1

Pxd1(Pxd > P 99.9
x ) (3)

This indicator captures exceptionally intense rainfall events that are more likely to

generate localized physical damage.

As described in Section 2.1.2, climate indicators constructed at the grid-cell level x

are subsequently aggregated to the municipality level i using population weights and a

simplified area-based approach, following (Dell et al., 2014). Additionally, we compute

a measure of precipitation variability RM . Unlike the other precipitation indicators,

RMy,i is computed directly using municipality-level aggregated precipitation data:

RMy,i =
12∑

m=1

Pi,m,y − P i,m

σi,m

P i,m

P i

(4)

where Pi,m,y represents rainfall total in month m, P i,m denotes the historical average

in month m and municipality i, and σi,m is the corresponding standard deviation,

while P i is the local historical mean of annual rainfall totals. This metric captures the

cumulative annual deviation of monthly rainfall from historical norms, weighting each

month by its contribution to total annual precipitation. Table B.1 reports summary

statistics for all climate variables.

Severe events: While the climate indicators described above capture continuous

variation in temperature and precipitation conditions, they do not distinguish between

abnormal climatic conditions and the realization of discrete severe events. To capture
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the effects of such climate-induced shocks more directly, we construct an indicator

based on observed severe weather events. Specifically, we define a dummy variable,

ESWDi,y, which takes the value of one if at least one severe weather event with

documented physical damage occurs in municipality i in year y, and zero otherwise.

Information on severe weather events is drawn from the European Severe Weather

Database described in Section 2.1.3. This indicator captures the occurrence of re-

alized severe events that may generate sudden and localized economic disruptions,

complementing the continuous climate indicators derived from reanalysis data.

2.2.2 Income variables

Our outcome of interest is income growth across different segments of the local in-

come distribution, rather than aggregate measures of economic activity. Using the

municipality-level income distribution data described in Section 2.1.1, we construct

per-adult real income growth measures for each municipality i and year y for selected

percentile groups p, GYy,i,p.6 Income growth is measured as the annual percentage

change in real average income for each percentile group.7

Our primary focus is on income growth for the bottom 25% of the adult population,

which captures the dynamics of the poorest segment of the local income distribution.

To assess how climate impacts vary across the income distribution, we also examine

income growth for the bottom 50% of the population, for the top 1% of income

earners, and for mean municipal income, which provides a natural benchmark relative

to aggregate measures commonly used in the literature. Table 1 provides summary

statistics for each income group, covering both income levels and income growth rates.

2.2.3 Econometric model

We estimate the impact of climate variability and severe weather events on income

growth using a flexible panel-data specification. The model closely follows the base-

line framework proposed by Kotz et al. (2022), adapted to municipality-level data

and to different segments of the local income distribution. Relative to their specifi-

cation, we augment the model by including an indicator for realized severe weather

events, ESWDi,y. The resulting baseline specification relates per-adult average in-

6Throughout the paper, income growth refers to per-adult income growth, even when not ex-
plicitly stated.

7To calculate the real income, we apply the National Consumption Index “prezzi al consumo per
l’intera collettività” (NIC) in 2021 prices, as provided by Istat.
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Table 1: Descriptive statistics of income variables, 2021 prices

Percentile Var name P25 P50 P75 Avg SD

Bottom 25% Real average income 1,853.63e 3,703.44e 5,838.68e 4,122.28e 3,064.83e
Bottom 50% Real average income 3,962.54e 6,601.17e 8,875.75e 6,622.17e 3,242.91e
Mean income Real average income 12,453.62e 16,525.58e 19,560.52e 16,314.17e 4,497.81e
Top 1% Real average income 77,259.42e 104,039.12e 139,522.69e 115,157.58e 56,572.24e

Bottom 25% Real income growth -20.30% -5.23% 8.55% -6.39% 25.72%
Bottom 50% Real income growth -9.20% -2.27% 4.56% -2.04% 13.28%
Mean income Real income growth -2.41% -0.02% 2.17% -0.06% 4.08%
Top 1% Real income growth -5.06% 0.17% 6.02% 0.80% 13.30%

come growth GYp,i,y for percentile group p in municipality i and year y to a set of

temperature- and precipitation-related climate indicators, the occurrence of severe

weather events, and flexible fixed effects:

GYy,i,p = βpF (Ty,i) + θpG(Py,i) + γpESWDi,y + µi,p + ηy,p + ϵy,i,p, (5)

where F (Ty,i) and G(Py,i) denote flexible functions of temperature- and precipitation-

related indicators, respectively. Municipality fixed effects, µi,p, absorb time-invariant

local heterogeneity, while year fixed effects, ηy,p, capture common shocks affecting all

municipalities.

The temperature component, F (Ty,i), is specified to allow for nonlinear and het-

erogeneous responses to temperature changes:

F (Ty,i) = T̃y,i +∆Ty,i +∆Ty,i × Ty,i +∆Ty−1,i +∆Ty−1,i × Ty−1,i (6)

Temperature variability T̃y,i enters the specification linearly, while temperature growth

∆Ty,i is interacted with average temperature levels Ty,i—see also Section 2.2.1. This

interaction allows the effect of a given temperature increase to vary with local baseline

climatic conditions, capturing nonlinear and heterogeneous responses across munici-

palities. Following Kotz et al. (2022), we include one lag of temperature growth and

its interaction with lagged average temperature to account for short-run persistence

in temperature effects.

The precipitation component, G(Py,i), captures different dimensions of precipita-

tion conditions, including overall levels, frequency, extremes, and intra-annual vari-

ability:

G(Py,i) = Py,i + P 2

y,i + PW
y,i +

(
PW
y,i

)2
+RMy,i +RM2

y,i + PE
y,i + PE

y,i × Ty,i (7)
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Total precipitation Py,i and the number of wet days PW
y,i capture overall precipitation

levels and frequency, while RMy,i measures deviations in the intra-annual distribu-

tion of rainfall relative to historical norms. Their squared terms allow for nonlinear

effects. Extreme precipitation PE
y,i accounts for exceptionally intense rainfall events,

whose impacts may depend on prevailing temperature conditions, captured through

its interaction with average temperature Ty,i—see also Section 2.2.1.

Interactions between climate shocks (in our case ∆T and PE) and average tem-

perature are commonly used in global analyses to capture nonlinear responses across

a wide range of climatic regimes, often correlated with latitude and long-run patterns

of climatic adaptation. When applied in a subnational setting such as Italy, where the

support of average temperature is narrower but still spans markedly different climatic

and geographic contexts, these interaction terms capture different sources of hetero-

geneity. In particular, variation in average temperature across Italian municipalities

reflects not only broad north–south gradients, but also sharp contrasts between inland

and coastal areas, as well as the influence of local orography.

Finally, we include an indicator for realized severe weather events, ESWDi,y,

which takes value one if at least one damaging severe weather event occurs in munici-

pality i in year y, and zero otherwise—see also Section 2.2.1. This variable represents

the only departure from the baseline specification in Kotz et al. (2022) and allows us

to capture the occurrence of discrete, localized shocks that may not be fully reflected

in continuous climate indicators.

Given the high spatial resolution of our data, observations from neighboring mu-

nicipalities may exhibit correlated shocks. To account for spatial dependence in the

error structure, we compute spatially robust Conley standard errors, allowing for ar-

bitrary serial correlation Colella et al. (2019). Spatial correlation is defined based on

geographic proximity between municipal centroids, using a baseline distance cutoff of

approximately 9 km, corresponding to about twice the average distance to the nearest

neighboring municipality. Robustness checks using alternative spatial thresholds and

alternative serial correlation cutoffs are reported in Appendix C.1 and Appendix C.2.

3 Results

This section presents the main results of the study. Section 3.1 examines how the

impacts of different climate and severe weather variables on income growth are dis-
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tributed across income groups within municipalities. Section 3.2 investigates the role

of agriculture in mediating the climate-inequality relation. Section 3.3 then explores

heterogeneity in severe weather impacts in greater detail.

3.1 The regressivity of climate anomalies

In this section, we examine how climate conditions and severe weather events affect in-

come growth across different segments of the within-municipality income distribution.

We focus on the bottom 25%, bottom 50%, and top 1% of the income distribution,

and compare these effects with those on average income growth. The main results of

our distributional analysis are presented in Figure 2 and Table 2.

Figure 2 shows that climate impacts are most harmful for the bottom 25%, with ef-

fects ranging between -4.1% and -0.5% (depending on the type of shock considered),

sizeable for the bottom 50% (-2.1% to 0%), relatively modest for average income

(-0.8% to 0%), and largely non-significant for the top 1%. All effects reported in

Figure 2 are computed as the impact of a one–standard-deviation change from the

mean of each climate variable, with the exception of the severe weather events indi-

cator, which captures the effect of the occurrence of at least one severe weather event

in a given year. This normalization facilitates comparisons not only across income

groups, but also across different climate variables within each group. For the bottom

25%, bottom 50%, and mean income growth, severe weather events, precipitation

variability, and temperature variability exhibit the largest effects.

We next examine the bottom 25%, the income group that appears to be the most

severely impacted by climate-related shocks. A one–standard-deviation decrease in

the number of wet days relative to the mean does not yield a statistically signifi-

cant effect on income growth. Nevertheless, Table 2 reveals a statistically significant

inverted U-shaped relationship between the number of wet days (PW ) and bottom-

income growth (see also the bottom-right panel of Figure A.1). The magnitude of the

effects becomes more prominent only at extreme values of precipitation frequency,

consistent with global evidence showing adverse impacts of both unusually low and

unusually high precipitation on bottom income shares (Palagi et al., 2022). Extreme

precipitations exhibits instead effects of relatively limited magnitude—below 1%—

comparable to those associated with higher average temperatures. By contrast, tem-

perature variability and precipitation variability generate substantially larger adverse

effects on bottom 25% income growth, with estimated impacts close to -2.5%.
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Figure 2: The effect of climate variables on income growth for different percentiles
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Note: Markers with a filled color background indicate statistically significant effects, while markers
with a white background indicate non-significant effects (at 95%). The effect of temperature vari-
ability (T̃ in Table 2) is calculated as an increase of 1sd (0.29 unit). The effect of rising temperature
(∆T in Table 2) is a 1sd increase (0.57°C) at its average of 13°C. The effect of precipitation variabil-
ity (RM in Table 2) is an additional 1sd (1 unit). The effect of less wet days (PW in Table 2) is a
reduction of 1sd (26.5 days) rainy days from the average of 100. The effect of extreme precipitation
(PE in Table 2) is an additional 1sd (58.5mm) at average temperature of 13°C. The effect of severe
weather events (ESWD in Table 2) is the occurrence of at least one severe weather event.

Severe weather events generate the largest adverse impacts on income growth

for the bottom 25%, with effects exceeding −4%. This finding indicates that the

ESWD measure captures sources of economic disruption that are not fully reflected

in reanalysis-based climate indicators. Consistently, excluding ESWD leaves the co-

efficients on other climate variables largely unchanged, while its inclusion yields a

statistically significant negative effect (Table C.6 in Appendix C.4).

Overall, the estimated effects display a clear regressive pattern: adverse cli-

mate shocks disproportionately reduce income growth at the bottom of the within-

municipality income distribution, while effects fade moving up the distribution and

are largely absent for top income earners. However, Figure 2 reports standardized

impacts evaluated at average values, which does not fully capture the nonlinearities
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Table 2: Effect on income growth of climate variables at municipality levels. Columns
report results by income groups

(1) (2) (3) (4)
Bottom 25% Bottom 50% Mean Top 1%

T̃ -.08047∗∗∗ -.07368∗∗∗ -.0114∗∗∗ -.004297
(.008864) (.004039) (.001115) (.003015)

∆T -.068∗∗∗ -.04025∗∗∗ -.008789∗∗∗ .001126
(.00689) (.003413) (.00114) (.003582)

∆T × T .003981∗∗∗ .002185∗∗∗ .0006039∗∗∗ .0003294
(.0005252) (.0002573) (.0000816) (.00026)

∆t−1T -.0378∗∗∗ -.0109∗∗∗ -.001366 .005639
(.006358) (.003249) (.001154) (.003473)

∆t−1T × Tt−1 .003755∗∗∗ .0005043∗∗ .0001449∗ -.0002809
(.0004991) (.0002494) (.0000814) (.0002506)

P (in m) .1346∗∗∗ .105∗∗∗ .005573 -.0189
(.03326) (.017) (.004704) (.01357)

P × P (in m) -.008642 -.01119∗∗∗ .0001447 .002998
(.006562) (.003471) (.001023) (.00294)

RM -.02656∗∗∗ -.02229∗∗∗ -.001911∗∗∗ .003836∗∗

(.004929) (.002486) (.0006633) (.001853)

RM ×RM .002547∗∗∗ .002115∗∗∗ .000315∗∗ .0006488∗

(.0009743) (.0004686) (.0001345) (.0003585)

PW .001664∗∗∗ .0008331∗∗∗ .0000438 -.0000796
(.0004018) (.0002072) (.0000555) (.0001532)

PW × PW -7.51e-06∗∗∗ -4.04e-06∗∗∗ -3.58e-07 7.21e-08
(1.68e-06) (8.84e-07) (2.45e-07) (6.71e-07)

PE (in mm) -.0001996∗∗∗ -.0001797∗∗∗ -.0000364∗∗∗ .0000486
(.0000663) (.0000345) (.0000112) (.000034)

PE (in mm)× T 7.46e-06 .0000129∗∗∗ 2.38e-06∗∗∗ -4.41e-06∗

(5.43e-06) (2.73e-06) (8.37e-07) (2.47e-06)

ESWD -.0423∗∗∗ -.0182∗∗∗ -.006644∗∗∗ .002853
(.009765) (.003895) (.001699) (.00532)

Observations 128588 148506 150090 148661
R2 .2171 .2269 .2688 .04877

Standard errors in parentheses

SE are robust to spatial correlations (9km) and autocorrelation (1 year)
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

embedded in our econometric model. To further assess these effects across the full

distribution of the climate variables, we turn to Table 2 and Figures A.1, A.2 and

A.3 in Appendix A, which yield the following additional insights.

First, given the negative impacts of monthly rainfall deviation, of extreme levels

(either low or high) of the number of wet days, and of severe weather events—partly

related to precipitation events as will be further examined in Section 3.3—on bot-
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tom 25% and bottom 50% income growth, total annual precipitation is beneficial for

bottom income growth, in line with global studies (Kotz et al., 2022).

Second, both daily temperature variability and average annual temperature neg-

atively impact bottom 25% and 50% income growth. However, in the context of

Italian municipalities, the adverse effects of temperature become milder at higher av-

erage temperature levels. This attenuation suggests that increases in temperature do

not uniformly capture harmful heat exposure, such as that associated with heatwaves;

rather, in certain local and specialized contexts they may also reflect longer periods of

economic activity, such as extended tourist seasons. This pattern is likely to be partly

driven by coastal municipalities in our sample, as illustrated in Figure A.4. There,

we plot marginal effects for coastal and non-coastal municipalities derived from a

modification of our baseline specification that interacts temperature terms with a

dummy identifying coastal municipalities. Coastal areas may benefit from higher

temperatures due to their specialization in sea-related tourism activities. Moreover,

lower-income groups may gain from temporary or seasonal employment opportuni-

ties associated with summer tourism. Nonetheless, this evidence remains suggestive

rather than conclusive and warrants further investigation using more granular data

on rents, tourism platforms, and employment contracts.

Third, as previously discussed, extreme precipitation negatively affects bottom

income growth. Following the approach of Kotz et al. (2022), we also interact extreme

precipitation with average annual temperature. While the interaction term is not

statistically significant for the bottom 25%, it is positive and statistically significant

for the bottom 50%. This indicates that at higher temperatures, the negative effects of

extreme precipitation are mitigated (Figure A.3). This heterogeneity may be related

to geographical differences in hydrological exposure across Italy. Northern regions

tend to exhibit lower average temperatures and a higher density of rivers, lakes, and

reservoirs. In such contexts, extreme precipitation events may be more likely to

interact with existing water systems, potentially increasing the risk of flooding and

associated economic disruptions. Southern regions, by contrast, are generally warmer

and characterized by a lower presence of large water basins. In these areas, the

extreme precipitation shocks may translate less systematically into severe flooding

events. This interpretation, while speculative, may partially drive our findings.
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3.1.1 Robustness

The central finding of Section 3.1, namely the regressivity of climate impacts in

Italian municipalities, together with all supporting results, remains robust across a

wide range of robustness checks. In our baseline specification, standard errors are

calculated as robust for spatial correlation following the procedure by Colella et al.

(2019), with a spatial threshold of 9km. The results remain robust when employing

alternative spatial correlation thresholds—5, 6, 12 and 15 km, see Tables in Appendix

C.1. In addition, our baseline specification employs standard errors that are robust

to heteroskedasticity and autocorrelation, allowing for a temporal decay of one lag.

We further test alternative autocorrelation cutoffs of 2 and 4 years, and the results

remain robust (see Appendix C.2).

Furthermore, to assess potential model misspecification, we conduct placebo tests

by randomizing each independent variable—see Figures in Appendix C.3. Randomiza-

tion is performed over both time and space. For bottom 25% income growth, our main

dependent variable of interest, as well as for bottom 50% income growth, all placebo

exercises yield coefficient estimates centered around zero. Moreover, our estimated

coefficients are statistically distinct from the distribution of coefficients generated by

the placebo experiments, with all associated p-values from t-tests indicating statisti-

cal significance at least at the 5% level in the specifications where income growth for

the bottom 25% and bottom 50% of the distribution is the dependent variable.

Additionally, we test several alternative configurations of our baseline specifica-

tion, with results reported in Appendix C.4. First, we exclude interaction terms

between average annual temperature and both temperature anomalies (∆T ) and ex-

treme precipitation (PE), as these interactions may have a different, less relevant, role

with respect to a global framework (Kotz et al., 2022). Second, we estimate the model

without including lags of temperature anomalies. Third, we exclude the COVID-19

year (2020) to verify that our results are not driven by pandemic-related disruptions.

Fourth, we exclude Emilia-Romagna—a region that has experienced extensive flood-

ing in recent years—to demonstrate that our findings are not solely driven by this

specific local context. Finally, results are robust to controlling for NUTS2-level per

capita income—constructed from our dataset by aggregating municipality-level in-

come and dividing by the total resident population in each region—indicating that

results are robust to spatially common macro-trend not captured by fixed effects.

Across all these different specifications, the main results remain robust.
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3.2 The role of agriculture

In this section, we explore asymmetric effects depending on the degree of municipal

involvement in agriculture—a channel that has been shown to be central in studies

of unequal climate impacts (Palagi et al., 2022; Méjean et al., 2024). We define a

municipality as agricultural if more than 50% of its territory is used for agricultural

activities. By interacting the agricultural dummy with all climate variables in our

baseline specification, we find that bottom income groups in agricultural municipali-

ties experience larger losses than those in non-agricultural municipalities (Figure 3).

More specifically, the bottom 25% in agricultural municipalities experience average

income losses of 8% due to severe weather events (ESWD), compared with a 2% loss in

non-agricultural municipalities, which is significant at the 10% level (see Table A.1).

Notably, the ESWD term interacted with the agricultural dummy is significantly

different from the baseline ESWD coefficient.

A one–standard deviation increase in precipitation variability (RM), temperature

variability (T̃ ), and temperature (∆T ) exerts stronger impacts on bottom 25% income

growth in agricultural municipalities relative to non-agricultural ones (Figure 3). In

contrast, the impacts of the number of wet days (PW ) are not statistically different

between agricultural and non-agricultural municipalities (see Table A.1). Extreme

precipitation (PE) in agricultural municipalities exhibits either non-significant effects

at low temperature levels or negative effects at high temperature levels, which are

stronger than those observed in non-agricultural municipalities (Table A.1).

Differences between agricultural and non-agricultural municipalities are also rel-

evant for bottom 50% income growth, although they are less pronounced. While

the impacts of severe weather events (ESWD) in agricultural municipalities are not

statistically different from those in non-agricultural municipalities (Table A.1), a

one–standard deviation increase in precipitation variability (RM), temperature vari-

ability (T̃ ), and temperature (∆T ) has a more strongly negative effect on income

growth in agricultural municipalities (Figure 3). Instead, results for extreme precipi-

tation and number of wet days do not reveal clear or systematic differences between

agricultural and non-agricultural municipalities.

Finally, for average and top 1% income growth, the results show minimal differ-

ences in impacts between agricultural and non-agricultural municipalities (Figure 3),

with most effects for top income earners being statistically non-significant—consistent

with the patterns shown in Figure 2.
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Figure 3: The effect of climate variables on income growth for different percentiles,
in agricultural and non-agricultural municipalities
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Note: Markers with a filled color background indicate statistically significant effects, while markers
with a white background indicate non-significant effects (at 95%). The effect of temperature vari-

ability (T̃ ) is calculated as an increase of 1sd (0.29 unit). The effect of rising temperature (∆T )
is a 1sd increase (0.57°C) at its average of 13°C. The effect of precipitation variability (RM) is an
additional 1sd (1 unit). The effect of less wet days (PW ) is a reduction of 1sd (26.5 days) rainy days
from the average of 100. The effect of extreme precipitation (PE) is an additional 1sd (58.5mm) at
average temperature of 13°C. The effect of severe weather events (ESWD) is the occurrence of at
least one severe weather event.

3.3 Heterogeneity and persistence of severe weather impacts

This section further investigates the role of severe weather events, which emerge as

the most disruptive shocks in our baseline results, by exploiting additional infor-

mation on event type and by examining the temporal persistence of their impacts.

Building on the baseline results presented above, we decompose severe weather events

into precipitation-related and wind-related episodes and assess whether their income

effects differ across income groups.

Figure 4 reports the estimated effects of severe weather events distinguishing be-

tween precipitation-related and wind-related episodes—see Table A.2 for full coeffi-

cient estimates. The results confirm the regressive pattern identified in the baseline
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Figure 4: The effect of severe weather events on income growth for different per-
centiles
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Note: Markers with a filled color background indicate statistically significant effects, while markers
with a white background indicate non-significant effects (at 95%). The effect of severe weather
events is the occurrence of at least one severe weather event, regardless of type. The effect from
wind is the occurrence of at least one wind event. The effect from precipitation is the occurrence of
at least one precipitation event.

specification: severe weather events disproportionately reduce income growth at the

bottom of the within-municipality income distribution, while effects remain small

and statistically insignificant for top income earners. Nonetheless, decomposing se-

vere weather events by type reveals substantial heterogeneity in the magnitude of

their impacts. Adverse effects are markedly stronger for precipitation-related events

(approximately -5.7% for bottom 25%, -2.5% for bottom 50%) than for wind-related

ones (approximately -3.4% for bottom 25%, -1.1% for bottom 50%). This pattern is

consistent with the idea that precipitation-related shocks—such as floods and intense

rainfall—are more likely to generate direct damage to housing, local infrastructure,

and productive assets, relative to events classified as wind-only. In our setup, events

are categorized based on the primary physical mechanism associated with reported

damage.8 This distinction differs from much of the economic literature on storms,

8Only a small fraction of events is labeled as both wind- and precipitation-driven in ESWD.
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where wind speed is often used as a summary measure of storm intensity, implicitly

proxying for multiple physical dimensions (Hsiang and Jina, 2014; Coronese et al.,

2025).

As an additional exercise, we then study the dynamic response of income growth

following severe weather events using Local Projections methods (Jordà, 2005). For

each income group and for each horizon h—and over a four-year horizon—we estimate

the following specification:

CGYy+h,i = ρhGYy−1,i + βhF (Ty,i) + θhG(Py,i)

+ γhESWDy,i + µi + ηy + εy,i
(8)

where the left-hand side captures cumulative income growth from period y− 1 up to

y+h (log Yy+h,i− log Yy−1,i). The specification is similar to our baseline model (Equa-

tion 5), and controls for lagged income growth, contemporaneous climate conditions,

municipality and year fixed effects, and is estimated separately for each horizon h and

income percentile group p.

Figure 5 reports the estimated impulse response functions for income growth fol-

lowing a severe weather event. Across all income groups, the negative effects mate-

rialize contemporaneously and largely dissipate within one year, consistently with a

return to trend hypothesis. The estimated contemporaneous responses closely mir-

ror the static baseline results, both in terms of magnitude and distributional pat-

terns across income groups. Impulse responses estimated separately for wind- and

precipitation-related events yield qualitatively similar dynamics and are reported—

see Figures A.5 and A.6.

Overall, these results point to limited persistence of the income losses associated

with severe weather events at the municipal level. While the short-run impacts are

sizable and strongly regressive, they do not translate into long-lasting reductions

in income growth. Several factors may contribute to this limited persistence, com-

pared with some findings in the macro-climate literature investigating major hazards

(Usman et al., 2025; Coronese et al., 2025; Hsiang and Jina, 2014). First, severe

weather events in our data are highly localized shocks, affecting specific municipal-

ities rather than entire regions, which may facilitate relatively rapid adjustment via

national and regional mitigation mechanisms. Second, institutional features such as

post-disaster reconstruction efforts, insurance coverage, and public transfers may help

cushion longer-run income losses and support recovery, although a more detailed as-
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Figure 5: Results for dynamic impact of ESWD, Equation 8, for different income
groups.
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sessment of these channels lies beyond the scope of this paper. Third, the ESWD

database captures a wide range of damaging events, not all of which correspond

to extreme events with long-lasting macroeconomic consequences. Understanding

how persistence and magnitudes vary across institutional settings and local economic

structures remains an important avenue for future research.

4 Conclusion

The distributional consequences of climate change have become a central focus in a

rapidly growing climate impacts literature (Méjean et al., 2024). This paper con-

tributes to such a body of work by examining the impacts of climate anomalies and

severe weather on the income distribution at a granular geographic level (within mu-

nicipalities) and by incorporating a broad set of weather indicators. To the best of our

knowledge, this study provides the first comprehensive assessment of climate-related

impacts across income groups at the local level, documenting how weather anomalies

directly exacerbate economic inequality in the area they occur in.
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We leverage a newly constructed dataset on within-municipality income distri-

butions in Italy from 2000 to 2021 (Guzzardi and Morelli, 2024), geo-referenced cli-

mate information from the ERA5 dataset of the Copernicus Data Store, and climate-

econometric methods (Kotz et al., 2022). Our results show that climate anomalies and

severe weather events are regressive: they disproportionately reduce income growth at

the bottom 25% of the distribution, significantly affecting the bottom 50%, while hav-

ing negligible effects on the top 1% within municipalities. These results are robust to

a wide range of robustness checks, including alternative assumptions regarding spatial

and serial correlation in the computation of standard errors, as well as the exclusion

or inclusion of specific control variables, years, geographic areas and time-periods.

The effects are strongest for severe weather: an year with at least one severe

weather event cuts bottom 25% income growth by more than 4% —with precipitation-

related shocks proving more damaging (close to -6%) than wind-related ones. The

agricultural sector emerges as a key channel mediating the relationship between cli-

mate shocks and income inequality, as bottom income groups in agricultural-intense

municipalities experience substantially larger income losses—especially from severe

weather events and climate variability—while impacts on higher-income groups re-

main limited.

Overall, our results suggest that climate-related impacts have the potential to

deepen income inequality at the local level even in global north and rich countries,

with potential social repercussions. In the average Italian municipality, an year with

at least a severe weather event cuts income growth for the poorest 25% of households

more than four-fold it does for the average income earner; the richest 1% may even

gain from the event(s). These effects – though – tend to vanish rapidly over time.

Future work could further investigate the mechanisms underlying the climate-

inequality nexus in high-income countries, such as Italy. Beyond the agricultural sec-

tor, exploiting information on the composition of income across income groups within

municipalities could provide additional insights into these mechanisms, although sub-

stantial data limitations currently constrain the availability of income composition

measures across groups at a fine geographic scale. Moreover, to better assess the

persistence of the impacts of severe weather events, future research could seek access

to post-disaster funding flows and municipal budgets to distinguish between events

for which substantial recovery funds were available and those for which they were not.
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Appendices

A Additional figures and tables

Figure A.1: Fitted values for Equation 5, for different income groups, selected vari-
ables. See also Figure 2.
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Figure A.2: Marginal effects for ∆T , with varying T , for Equation 5, for different
income groups. See also Figure 2.
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Figure A.3: Marginal effects for PE, with varying T , for Equation 5, for different
income groups. See also Figure 2.
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Figure A.4: Marginal effect of increase in Temperature on dependent variable for
coastal and internal municipalities
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Figure A.5: Results for dynamic impact of ESWD—precipitation-events only—
Equation 8, for different income groups.
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Figure A.6: Results for dynamic impact of ESWD—wind-events only—Equation 8,
for different income groups.
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Table A.1: Effect on income growth of climate variables at municipality levels.
Columns report results by income groups. Agriculture is interacted with all vari-
ables

(1) (2) (3) (4)
Bottom 25% Bottom 50% Mean Top 1%

T̃ -.07272∗∗∗ -.06982∗∗∗ -.009719∗∗∗ -.002663
(.009739) (.004598) (.001244) (.00339)

T̃ × Agri -.02846∗∗∗ -.01003∗∗ -.004231∗∗∗ -.004346
(.009235) (.004394) (.001186) (.003476)

∆T -.06406∗∗∗ -.0349∗∗∗ -.008678∗∗∗ .0006217
(.00738) (.003582) (.00119) (.003881)

∆T × Agri -.09951∗∗∗ -.057∗∗∗ -.00352 .009987
(.02027) (.01036) (.00377) (.01028)

∆T × T .004265∗∗∗ .00183∗∗∗ .0006364∗∗∗ .0003665
(.000614) (.0002946) (.0000914) (.0002969)

∆T × T × Agri .005724∗∗∗ .003843∗∗∗ .0001458 -.0007216
(.001507) (.0007574) (.0002656) (.0007243)

∆t−1T -.03623∗∗∗ -.009067∗∗∗ -.00124 .004913
(.006648) (.003438) (.001193) (.003713)

∆t−1T × Agri -.03846∗∗ -.01605∗ -.001013 -.001561
(.01946) (.009429) (.003837) (.009892)

∆t−1T × Tt−1 .00383∗∗∗ .0003089 .0001349 -.0001978
(.0005582) (.0002881) (.00009) (.0002824)

∆t−1T × Tt−1 × Agri .002407∗ .001255∗ .0000725 1.72e-06
(.001452) (.0006986) (.0002706) (.0007009)

P (in m) .1035∗∗∗ .08998∗∗∗ .005368 -.02324
(.03638) (.01924) (.005368) (.01557)

P (in m)× Agri .2079∗∗∗ .1022∗∗∗ .003914 .000686
(.06783) (.03431) (.009669) (.02744)

P × P (in m) -.003118 -.007674∗∗ .0002474 .00353
(.007097) (.003829) (.001128) (.003274)

P × P (in m)× Agri -.0476∗∗∗ -.02385∗∗∗ -.0009501 .003133
(.01678) (.009007) (.002726) (.007205)

RM -.02084∗∗∗ -.0203∗∗∗ -.001659∗∗ .005474∗∗

(.005495) (.002867) (.0007798) (.002189)

RM × Agri -.02902∗∗∗ -.01255∗∗∗ -.001161 -.003988
(.008811) (.004355) (.001151) (.00337)

RM ×RM .002138∗ .001978∗∗∗ .0002909∗ .0002138
(.00114) (.0005486) (.0001636) (.0004435)

RM ×RM × Agri .002742 .0008055 .000062 .0009913
(.001741) (.0008187) (.0002328) (.0007032)

PW .001306∗∗∗ .0006053∗∗ .0000178 -.0001076
(.0004703) (.0002434) (.0000664) (.0001868)

PW × Agri .001087 .0001744 .0000137 .0001254
(.0008309) (.0004403) (.0001132) (.0003332)

PW × PW -6.05e-06∗∗∗ -3.37e-06∗∗∗ -2.98e-07 1.02e-07
(1.88e-06) (9.88e-07) (2.81e-07) (7.89e-07)

PW × PW × Agri -5.05e-06 1.01e-07 1.18e-07 -2.13e-07
(3.77e-06) (2.00e-06) (5.27e-07) (1.56e-06)

PE (in mm) -.0002872∗∗∗ -.0001815∗∗∗ -.0000408∗∗∗ .0000548
(.0000695) (.0000358) (.0000117) (.0000369)

PE (in mm)× Agri .0006428∗∗∗ .0000873 .000064 .0000355
(.0001984) (.0001019) (.0000424) (.0000971)

PE (in mm)× T .0000142∗∗ .0000123∗∗∗ 2.50e-06∗∗∗ -5.58e-06∗∗

(5.94e-06) (2.98e-06) (9.13e-07) (2.78e-06)

PE (in mm)× T × Agri -.0000449∗∗∗ -3.53e-06 -3.66e-06 -1.24e-08
(.0000149) (7.37e-06) (2.89e-06) (6.60e-06)

ESWD -.02327∗ -.02043∗∗∗ -.008521∗∗∗ .004596
(.01207) (.004549) (.002091) (.006642)

ESWD × Agri -.05458∗∗∗ .005859 .005154 -.004911
(.01932) (.007888) (.0035) (.01083)

Observations 128588 148506 150090 148661
R2 .2186 .2277 .2699 .04894

Standard errors in parentheses

SE are robust to spatial correlations (9km) and autocorrelation (1 year)
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table A.2: Effect on income growth of climate variables at municipality levels.
Columns report results by income groups and by different type of severe weather
events

Bottom 25% (1) Bottom 50% (2) Mean (3) Top 1% (4)

ESWD ESWD P ESWD W ESWD ESWD P ESWD W ESWD ESWD P ESWD W ESWD ESWD P ESWD W

T̃ -.08047∗∗∗ -.08038∗∗∗ -.08072∗∗∗ -.07368∗∗∗ -.07363∗∗∗ -.07375∗∗∗ -.0114∗∗∗ -.01138∗∗∗ -.01142∗∗∗ -.004297 -.00426 -.004278
(.008864) (.008864) (.008867) (.004039) (.004038) (.00404) (.001115) (.001115) (.001115) (.003015) (.003016) (.003015)

∆T -.068∗∗∗ -.068∗∗∗ -.06799∗∗∗ -.04025∗∗∗ -.04025∗∗∗ -.04025∗∗∗ -.008789∗∗∗ -.008788∗∗∗ -.008787∗∗∗ .001126 .001124 .001127
(.00689) (.006889) (.00689) (.003413) (.003413) (.003414) (.00114) (.00114) (.00114) (.003582) (.003582) (.003582)

∆T × T .003981∗∗∗ .003977∗∗∗ .003985∗∗∗ .002185∗∗∗ .002183∗∗∗ .002186∗∗∗ .0006039∗∗∗ .0006033∗∗∗ .0006042∗∗∗ .0003294 .000329 .0003285
(.0005252) (.0005252) (.0005252) (.0002573) (.0002573) (.0002573) (.0000816) (.0000816) (.0000816) (.00026) (.00026) (.00026)

∆t−1T -.0378∗∗∗ -.03783∗∗∗ -.03776∗∗∗ -.0109∗∗∗ -.01092∗∗∗ -.01089∗∗∗ -.001366 -.00137 -.00136 .005639 .005631 .005633
(.006358) (.006358) (.006358) (.003249) (.003249) (.00325) (.001154) (.001154) (.001155) (.003473) (.003472) (.003472)

∆t−1T × Tt−1 .003755∗∗∗ .003754∗∗∗ .003752∗∗∗ .0005043∗∗ .0005042∗∗ .0005032∗∗ .0001449∗ .0001448∗ .0001445∗ -.0002809 -.0002804 -.0002811
(.0004991) (.0004991) (.0004992) (.0002494) (.0002494) (.0002494) (.0000814) (.0000814) (.0000814) (.0002506) (.0002505) (.0002506)

P (in m) .1346∗∗∗ .1341∗∗∗ .1344∗∗∗ .105∗∗∗ .1048∗∗∗ .1049∗∗∗ .005573 .005493 .005531 -.0189 -.01883 -.01903
(.03326) (.03327) (.03327) (.017) (.017) (.017) (.004704) (.004703) (.004705) (.01357) (.01357) (.01356)

P × P (in m) -.008642 -.008579 -.008542 -.01119∗∗∗ -.01117∗∗∗ -.01114∗∗∗ .0001447 .0001538 .0001611 .002998 .002973 .003013
(.006562) (.006562) (.006563) (.003471) (.003471) (.003473) (.001023) (.001022) (.001023) (.00294) (.00294) (.00294)

RM -.02656∗∗∗ -.02647∗∗∗ -.02653∗∗∗ -.02229∗∗∗ -.02225∗∗∗ -.02227∗∗∗ -.001911∗∗∗ -.001899∗∗∗ -.001906∗∗∗ .003836∗∗ .003827∗∗ .003855∗∗

(.004929) (.00493) (.004931) (.002486) (.002487) (.002487) (.0006633) (.0006633) (.0006635) (.001853) (.001853) (.001853)

RM ×RM .002547∗∗∗ .002536∗∗∗ .002544∗∗∗ .002115∗∗∗ .00211∗∗∗ .002112∗∗∗ .000315∗∗ .0003134∗∗ .0003143∗∗ .0006488∗ .0006499∗ .0006464∗

(.0009743) (.0009742) (.0009748) (.0004686) (.0004686) (.0004688) (.0001345) (.0001345) (.0001346) (.0003585) (.0003585) (.0003585)

PW .001664∗∗∗ .001662∗∗∗ .001664∗∗∗ .0008331∗∗∗ .0008322∗∗∗ .000833∗∗∗ .0000438 .0000435 .0000438 -.0000796 -.0000796 -.00008
(.0004018) (.0004018) (.0004018) (.0002072) (.0002072) (.0002072) (.0000555) (.0000555) (.0000555) (.0001532) (.0001532) (.0001532)

PW × PW -7.51e-06∗∗∗ -7.49e-06∗∗∗ -7.52e-06∗∗∗ -4.04e-06∗∗∗ -4.03e-06∗∗∗ -4.04e-06∗∗∗ -3.58e-07 -3.56e-07 -3.60e-07 7.21e-08 7.39e-08 7.58e-08
(1.68e-06) (1.68e-06) (1.68e-06) (8.84e-07) (8.84e-07) (8.84e-07) (2.45e-07) (2.45e-07) (2.45e-07) (6.71e-07) (6.71e-07) (6.72e-07)

PE (in mm) -.0001996∗∗∗ -.0001995∗∗∗ -.000201∗∗∗ -.0001797∗∗∗ -.0001795∗∗∗ -.0001802∗∗∗ -.0000364∗∗∗ -.0000364∗∗∗ -.0000366∗∗∗ .0000486 .0000489 .0000487
(.0000663) (.0000663) (.0000663) (.0000345) (.0000345) (.0000345) (.0000112) (.0000112) (.0000112) (.000034) (.000034) (.000034)

PE (in mm)× T 7.46e-06 7.47e-06 7.52e-06 .0000129∗∗∗ .0000129∗∗∗ .0000129∗∗∗ 2.38e-06∗∗∗ 2.38e-06∗∗∗ 2.39e-06∗∗∗ -4.41e-06∗ -4.42e-06∗ -4.41e-06∗

(5.43e-06) (5.43e-06) (5.43e-06) (2.73e-06) (2.73e-06) (2.73e-06) (8.37e-07) (8.37e-07) (8.37e-07) (2.47e-06) (2.47e-06) (2.47e-06)

ESWD -.0423∗∗∗ -.05667∗∗∗ -.03354∗∗ -.0182∗∗∗ -.02517∗∗∗ -.01147∗∗ -.006644∗∗∗ -.008414∗∗∗ -.004853∗ .002853 -.006104 .0124
(.009765) (.01335) (.01368) (.003895) (.005373) (.005314) (.001699) (.001699) (.002867) (.00532) (.006628) (.008056)

Observations 128588 128588 128588 148506 148506 148506 150090 150090 150090 148661 148661 148661
R2 .2171 .2171 .217 .2269 .2269 .2269 .2688 .2688 .2688 .04877 .04878 .04879

Standard errors in parentheses

SE are robust to spatial correlations (9km) and autocorrelation (1 year)
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table A.3: Impacts of ESWD (γh) from Equation 8, for distinct h and income groups.
Column “Base” reports the corresponding effects from Equation 5.

(1) (2) (3) (4) (5) (6)
Base 0 year 1 years 2 years 3 years 4 years

Bottom 25% -.0423∗∗∗ -.03102∗∗∗ .003935 .01795 .03137 -.03251
(.009765) (.009543) (.01227) (.02232) (.02988) (.02545)

Bottom 50% -.0182∗∗∗ -.01834∗∗∗ -.001104 .007333 .01379 .004903
(.003895) (.003888) (.00501) (.007818) (.009972) (.01423)

Mean income -.006644∗∗∗ -.00627∗∗∗ -.003253∗ .003714∗ .003151 .001734
(.001699) (.001385) (.001798) (.002012) (.002106) (.002712)

Top 1% .002853 .004881 -.009577∗ .01458 .01225 -.002883
(.00532) (.004384) (.00578) (.01158) (.01112) (.009731)

GYy−1,i ✗ ✓ ✓ ✓ ✓ ✓

G(Py,i) ✓ ✓ ✓ ✓ ✓ ✓

F (Ty,i) ✓ ✓ ✓ ✓ ✓ ✓

Year FE ✓ ✓ ✓ ✓ ✓ ✓

Municipality FE ✓ ✓ ✓ ✓ ✓ ✓

Standard errors in parentheses

SE are robust to spatial correlations (9km) and different cutoff of autocorrelation
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

31



B Climate and income variables

B.1 Climate variables

Table B.1: Descriptive statistics of climate variables

Variable name P25 P50 P75 Avg SD

T̃ 2.29 2.50 2.70 2.49 0.29
∆T -0.36 -0.01 0.40 0.02 0.58
T 11.91 13.63 14.83 13.14 2.98
P (in m) 0.70 0.90 1.18 1.00 0.43
RM -0.77 -0.08 0.66 0.00 1.00
PW 85.16 101.36 120.00 104.42 26.57
PE (in mm) 0.00 0.00 58.18 32.55 58.52

To validate our climate data and indexes constructed at the municipality level,
we compared them with the official data provided by Istat, which offers mean daily
temperature and precipitation records from meteorological stations (Istat, 2023) in
provincial capitals from 2006 to 2021.9 In contrast, our dataset, sourced from ERA5,
incorporates ensemble information comprising not only meteorological stations but
also climate models that allows to obtain more granular data across an extensive
territory.

Our analysis reveals a reassuring alignment between our constructed dataset on
ERA5 data and Istat’s records. Specifically, our average temperature measurements
are 0.45°C lower than those reported by Istat. However, it’s important to note that
despite this slight difference, the overall trends remain remarkably similar between
the two sets of data. Additionally, when we consider our climate data aggregated to
administrative units without population weights, relying solely on the intersection of
climate grids and municipalities, the results still closely resemble those reported by
Istat for provincial capitals (refer to Figure B.1, B.2, and B.3). To further corroborate
our findings, we conduct a comprehensive analysis, employing pooled OLS regression
with Istat data as the dependent variable and our measures as regressors. This
analysis reveals a high correlation coefficient of 0.78, indicating a strong alignment
between the two variables. Although minor disparities between the measures exist,
we consider them negligible in the context of our analysis.

Moving to precipitation, our data indicate an average difference of 28 millimeters
compared to Istat’s records. However, upon visual inspection of Figures B.4, B.5, and
B.6, it becomes evident that these differences are inconsequential. Both the trends
and the overall levels remain consistently comparable across the measures. Pooled
OLS regression further substantiates this, revealing a coefficient of 0.98 and an R²
value of 0.72, signifying a nearly perfect match in trends between the two variables.
Given the robust consistency observed in our comparisons, we consider valid our
approach in constructing the climate index dataset.

9Data are freely available at https://www.istat.it/it/archivio/284518
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Figure B.1: Different temperature measures in northern provincial capitals
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Figure B.2: Different temperature measures in center provincial capitals
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Figure B.3: Different temperature measures in southern provincial capitals

10

15

20

10

15

20

10

15

20

10

15

20

10

15

20

10

15

20

2005 2010 2015 2020 2005 2010 2015 2020

2005 2010 2015 2020 2005 2010 2015 2020 2005 2010 2015 2020 2005 2010 2015 2020 2005 2010 2015 2020

Agrigento Andria Avellino Bari Barletta Benevento Brindisi

Cagliari Caltanissetta Campobasso Carbonia Caserta Catania Catanzaro

Chieti Cosenza Crotone Enna Foggia Isernia L'Aquila

Lecce Matera Messina Napoli Nuoro Oristano Palermo

Pescara Potenza Ragusa Reggio di Calabria Salerno Sassari Siracusa

Taranto Teramo Trani Trapani Vibo Valentia

Istat data ERA5 area weighted ERA5 population weighted

Te
m

pe
ra

tu
re

 in
 °C

Figure B.4: Different precipitation measures in northern provincial capitals
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Figure B.5: Different precipitation measures in center provincial capitals

0

.5

1

1.5

2

0

.5

1

1.5

2

0

.5

1

1.5

2

0

.5

1

1.5

2

2005 2010 2015 2020 2005 2010 2015 2020 2005 2010 2015 2020 2005 2010 2015 2020 2005 2010 2015 2020

Ancona Arezzo Ascoli Piceno Fermo Firenze

Frosinone Grosseto Latina Livorno Lucca

Macerata Perugia Pisa Pistoia Prato

Rieti Roma Siena Terni Viterbo

Istat data ERA5 area weighted ERA5 population weighted

Pr
ec

ip
ita

tio
n 

in
 m

et
er

s

Figure B.6: Different precipitation measures in southern provincial capitals

0

.5

1

1.5

0

.5

1

1.5

0

.5

1

1.5

0

.5

1

1.5

0

.5

1

1.5

0

.5

1

1.5

2005 2010 2015 2020 2005 2010 2015 2020

2005 2010 2015 2020 2005 2010 2015 2020 2005 2010 2015 2020 2005 2010 2015 2020 2005 2010 2015 2020

Agrigento Andria Avellino Bari Barletta Benevento Brindisi

Cagliari Caltanissetta Campobasso Carbonia Caserta Catania Catanzaro

Chieti Cosenza Crotone Enna Foggia Isernia L'Aquila

Lecce Matera Messina Napoli Nuoro Oristano Palermo

Pescara Potenza Ragusa Reggio di Calabria Salerno Sassari Siracusa

Taranto Teramo Trani Trapani Vibo Valentia

Istat data ERA5 area weighted ERA5 population weighted

Pr
ec

ip
ita

tio
n 

in
 m

et
er

s

35



B.2 Income variables

Figure B.7: Comparison of GDP per capita and Income per capita in northern
provinces
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Figure B.8: Comparison of GDP per capita and Income per capita in center provinces
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Figure B.9: Comparison of GDP per capita and Income per capita in southern
provinces
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C Robustness

C.1 Different spatial correlation thresholds

Table C.1: Effect on bottom 25% income growth of climate variables at municipality
levels. Columns report results with different Standard Errors for different Spatial
Correlation thresholds

(1) (2) (3) (4) (5)
5 km 6 km 9 km 12 km 15 km

T̃ -.08047∗∗∗ -.08047∗∗∗ -.08047∗∗∗ -.08047∗∗∗ -.08047∗∗∗

(.00688) (.007339) (.008864) (.01042) (.0119)

∆T -.068∗∗∗ -.068∗∗∗ -.068∗∗∗ -.068∗∗∗ -.068∗∗∗

(.005682) (.005962) (.00689) (.007869) (.008833)

∆T × T .003981∗∗∗ .003981∗∗∗ .003981∗∗∗ .003981∗∗∗ .003981∗∗∗

(.0004312) (.0004525) (.0005252) (.000601) (.0006756)

∆t−1T -.0378∗∗∗ -.0378∗∗∗ -.0378∗∗∗ -.0378∗∗∗ -.0378∗∗∗

(.005263) (.005491) (.006358) (.00736) (.008264)

∆t−1T × Tt−1 .003755∗∗∗ .003755∗∗∗ .003755∗∗∗ .003755∗∗∗ .003755∗∗∗

(.0004049) (.0004252) (.0004991) (.0005809) (.0006536)

P (in m) .1346∗∗∗ .1346∗∗∗ .1346∗∗∗ .1346∗∗∗ .1346∗∗∗

(.02682) (.02838) (.03326) (.0384) (.04334)

P × P (in m) -.008642 -.008642 -.008642 -.008642 -.008642
(.005461) (.00575) (.006562) (.007418) (.008248)

RM -.02656∗∗∗ -.02656∗∗∗ -.02656∗∗∗ -.02656∗∗∗ -.02656∗∗∗

(.003881) (.004127) (.004929) (.005779) (.006587)

RM ×RM .002547∗∗∗ .002547∗∗∗ .002547∗∗∗ .002547∗∗ .002547∗

(.0007607) (.0008104) (.0009743) (.001148) (.001308)

PW .001664∗∗∗ .001664∗∗∗ .001664∗∗∗ .001664∗∗∗ .001664∗∗∗

(.0003138) (.0003354) (.0004018) (.0004671) (.0005302)

PW × PW -7.51e-06∗∗∗ -7.51e-06∗∗∗ -7.51e-06∗∗∗ -7.51e-06∗∗∗ -7.51e-06∗∗∗

(1.32e-06) (1.41e-06) (1.68e-06) (1.93e-06) (2.18e-06)

PE (in mm) -.0001996∗∗∗ -.0001996∗∗∗ -.0001996∗∗∗ -.0001996∗∗∗ -.0001996∗∗

(.0000562) (.0000586) (.0000663) (.0000742) (.0000819)

PE (in mm)× T 7.46e-06 7.46e-06 7.46e-06 7.46e-06 7.46e-06
(4.61e-06) (4.80e-06) (5.43e-06) (6.06e-06) (6.64e-06)

ESWD -.0423∗∗∗ -.0423∗∗∗ -.0423∗∗∗ -.0423∗∗∗ -.0423∗∗∗

(.009304) (.009322) (.009765) (.01013) (.0105)

Observations 128588 128588 128588 128588 128588
R2 .2171 .2171 .2171 .2171 .2171

Standard errors in parentheses

SE are robust to different spatial correlations thresholds and of autocorrelation (1 year)
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table C.2: Effect on bottom 50% income growth of climate variables at municipality
levels. Columns report results with different Standard Errors for different Spatial
Correlation thresholds

(1) (2) (3) (4) (5)
5 km 6 km 9 km 12 km 15 km

T̃ -.07368∗∗∗ -.07368∗∗∗ -.07368∗∗∗ -.07368∗∗∗ -.07368∗∗∗

(.003127) (.003344) (.004039) (.004791) (.005478)

∆T -.04025∗∗∗ -.04025∗∗∗ -.04025∗∗∗ -.04025∗∗∗ -.04025∗∗∗

(.002823) (.002962) (.003413) (.003882) (.004336)

∆T × T .002185∗∗∗ .002185∗∗∗ .002185∗∗∗ .002185∗∗∗ .002185∗∗∗

(.0002121) (.000223) (.0002573) (.0002936) (.000328)

∆t−1T -.0109∗∗∗ -.0109∗∗∗ -.0109∗∗∗ -.0109∗∗∗ -.0109∗∗∗

(.00265) (.002793) (.003249) (.003745) (.004189)

∆t−1T × Tt−1 .0005043∗∗ .0005043∗∗ .0005043∗∗ .0005043∗ .0005043
(.0002014) (.000213) (.0002494) (.0002886) (.0003236)

P (in m) .105∗∗∗ .105∗∗∗ .105∗∗∗ .105∗∗∗ .105∗∗∗

(.0138) (.01454) (.017) (.01947) (.02186)

P × P (in m) -.01119∗∗∗ -.01119∗∗∗ -.01119∗∗∗ -.01119∗∗∗ -.01119∗∗∗

(.002946) (.003062) (.003471) (.003871) (.004283)

RM -.02229∗∗∗ -.02229∗∗∗ -.02229∗∗∗ -.02229∗∗∗ -.02229∗∗∗

(.001938) (.002076) (.002486) (.002917) (.003314)

RM ×RM .002115∗∗∗ .002115∗∗∗ .002115∗∗∗ .002115∗∗∗ .002115∗∗∗

(.0003611) (.0003875) (.0004686) (.0005527) (.0006334)

PW .0008331∗∗∗ .0008331∗∗∗ .0008331∗∗∗ .0008331∗∗∗ .0008331∗∗∗

(.0001638) (.000175) (.0002072) (.0002387) (.0002675)

PW × PW -4.04e-06∗∗∗ -4.04e-06∗∗∗ -4.04e-06∗∗∗ -4.04e-06∗∗∗ -4.04e-06∗∗∗

(7.02e-07) (7.49e-07) (8.84e-07) (1.01e-06) (1.13e-06)

PE (in mm) -.0001797∗∗∗ -.0001797∗∗∗ -.0001797∗∗∗ -.0001797∗∗∗ -.0001797∗∗∗

(.0000288) (.0000303) (.0000345) (.0000381) (.0000419)

PE (in mm)× T .0000129∗∗∗ .0000129∗∗∗ .0000129∗∗∗ .0000129∗∗∗ .0000129∗∗∗

(2.27e-06) (2.39e-06) (2.73e-06) (3.03e-06) (3.32e-06)

ESWD -.0182∗∗∗ -.0182∗∗∗ -.0182∗∗∗ -.0182∗∗∗ -.0182∗∗∗

(.003704) (.00374) (.003895) (.004101) (.004313)

Observations 148506 148506 148506 148506 148506
R2 .2269 .2269 .2269 .2269 .2269

Standard errors in parentheses

SE are robust to different spatial correlations thresholds and of autocorrelation (1 year)
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table C.3: Effect on mean income growth of climate variables at municipality levels.
Columns report results with different Standard Errors for different Spatial Correlation
thresholds

(1) (2) (3) (4) (5)
5 km 6 km 9 km 12 km 15 km

T̃ -.0114∗∗∗ -.0114∗∗∗ -.0114∗∗∗ -.0114∗∗∗ -.0114∗∗∗

(.0008818) (.0009366) (.001115) (.001294) (.001459)

∆T -.008789∗∗∗ -.008789∗∗∗ -.008789∗∗∗ -.008789∗∗∗ -.008789∗∗∗

(.001) (.001034) (.00114) (.001235) (.001335)

∆T × T .0006039∗∗∗ .0006039∗∗∗ .0006039∗∗∗ .0006039∗∗∗ .0006039∗∗∗

(.0000723) (.0000746) (.0000816) (.0000884) (.0000952)

∆t−1T -.001366 -.001366 -.001366 -.001366 -.001366
(.001002) (.00104) (.001154) (.001256) (.001357)

∆t−1T × Tt−1 .0001449∗∗ .0001449∗∗ .0001449∗ .0001449 .0001449
(.0000713) (.0000739) (.0000814) (.0000889) (.0000959)

P (in m) .005573 .005573 .005573 .005573 .005573
(.004038) (.004172) (.004704) (.00523) (.005723)

P × P (in m) .0001447 .0001447 .0001447 .0001447 .0001447
(.0009216) (.0009409) (.001023) (.001116) (.001186)

RM -.001911∗∗∗ -.001911∗∗∗ -.001911∗∗∗ -.001911∗∗ -.001911∗∗

(.000541) (.0005678) (.0006633) (.0007525) (.0008397)

RM ×RM .000315∗∗∗ .000315∗∗∗ .000315∗∗ .000315∗∗ .000315∗

(.0001093) (.0001145) (.0001345) (.0001535) (.0001722)

PW .0000438 .0000438 .0000438 .0000438 .0000438
(.0000468) (.0000489) (.0000555) (.0000612) (.0000666)

PW × PW -3.58e-07∗ -3.58e-07∗ -3.58e-07 -3.58e-07 -3.58e-07
(2.07e-07) (2.16e-07) (2.45e-07) (2.68e-07) (2.91e-07)

PE (in mm) -.0000364∗∗∗ -.0000364∗∗∗ -.0000364∗∗∗ -.0000364∗∗∗ -.0000364∗∗∗

(.0000101) (.0000104) (.0000112) (.000012) (.0000127)

PE (in mm)× T 2.38e-06∗∗∗ 2.38e-06∗∗∗ 2.38e-06∗∗∗ 2.38e-06∗∗∗ 2.38e-06∗∗

(7.49e-07) (7.68e-07) (8.37e-07) (8.94e-07) (9.52e-07)

ESWD -.006644∗∗∗ -.006644∗∗∗ -.006644∗∗∗ -.006644∗∗∗ -.006644∗∗∗

(.001668) (.001681) (.001699) (.001695) (.001706)

Observations 150090 150090 150090 150090 150090
R2 .2688 .2688 .2688 .2688 .2688

Standard errors in parentheses

SE are robust to different spatial correlations thresholds and of autocorrelation (1 year)
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table C.4: Effect on top 1% income growth of climate variables at municipality levels.
Columns report results with different Standard Errors for different Spatial Correlation
thresholds

(1) (2) (3) (4) (5)
5 km 6 km 9 km 12 km 15 km

T̃ -.004297 -.004297 -.004297 -.004297 -.004297
(.002883) (.002918) (.003015) (.003137) (.003213)

∆T .001126 .001126 .001126 .001126 .001126
(.003482) (.00353) (.003582) (.003732) (.0038)

∆T × T .0003294 .0003294 .0003294 .0003294 .0003294
(.0002536) (.0002563) (.00026) (.0002707) (.0002754)

∆t−1T .005639∗ .005639∗ .005639 .005639 .005639
(.003382) (.003394) (.003473) (.003567) (.003625)

∆t−1T × Tt−1 -.0002809 -.0002809 -.0002809 -.0002809 -.0002809
(.0002444) (.000245) (.0002506) (.0002567) (.0002605)

P (in m) -.0189 -.0189 -.0189 -.0189 -.0189
(.01265) (.01289) (.01357) (.01414) (.01466)

P × P (in m) .002998 .002998 .002998 .002998 .002998
(.002757) (.002816) (.00294) (.003012) (.003086)

RM .003836∗∗ .003836∗∗ .003836∗∗ .003836∗∗ .003836∗

(.001725) (.001758) (.001853) (.001949) (.002042)

RM ×RM .0006488∗ .0006488∗ .0006488∗ .0006488∗ .0006488∗

(.0003399) (.0003444) (.0003585) (.0003723) (.0003895)

PW -.0000796 -.0000796 -.0000796 -.0000796 -.0000796
(.0001481) (.0001512) (.0001532) (.0001575) (.0001621)

PW × PW 7.21e-08 7.21e-08 7.21e-08 7.21e-08 7.21e-08
(6.53e-07) (6.65e-07) (6.71e-07) (6.89e-07) (7.09e-07)

PE (in mm) .0000486 .0000486 .0000486 .0000486 .0000486
(.0000334) (.0000337) (.000034) (.0000359) (.0000357)

PE (in mm)× T -4.41e-06∗ -4.41e-06∗ -4.41e-06∗ -4.41e-06∗ -4.41e-06∗

(2.42e-06) (2.44e-06) (2.47e-06) (2.61e-06) (2.59e-06)

ESWD .002853 .002853 .002853 .002853 .002853
(.005383) (.005423) (.00532) (.005336) (.005446)

Observations 148661 148661 148661 148661 148661
R2 .04877 .04877 .04877 .04877 .04877

Standard errors in parentheses

SE are robust to different spatial correlations thresholds and of autocorrelation (1 year)
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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C.2 Different autocorrelation cutoffs

Table C.5: Effect on income growth of climate variables at municipality levels.
Columns report results with different Standard Errors for different autocorrelation
cutoff by different income groups

Bottom 25% (1) Bottom 50% (2) Mean (3) Top 1% (4)

1 year 2 years 4 years 1 year 2 years 4 years 1 year 2 years 4 years 1 year 2 years 4 years

T̃ -.08047∗∗∗ -.08047∗∗∗ -.08047∗∗∗ -.07368∗∗∗ -.07368∗∗∗ -.07368∗∗∗ -.0114∗∗∗ -.0114∗∗∗ -.0114∗∗∗ -.004297 -.004297 -.004297
(.008864) (.008851) (.008859) (.004039) (.004036) (.004037) (.001115) (.001114) (.001113) (.003015) (.003001) (.002981)

∆T -.068∗∗∗ -.068∗∗∗ -.068∗∗∗ -.04025∗∗∗ -.04025∗∗∗ -.04025∗∗∗ -.008789∗∗∗ -.008789∗∗∗ -.008789∗∗∗ .001126 .001126 .001126
(.00689) (.00693) (.006955) (.003413) (.003434) (.003465) (.00114) (.001146) (.001157) (.003582) (.00362) (.003642)

∆T × T .003981∗∗∗ .003981∗∗∗ .003981∗∗∗ .002185∗∗∗ .002185∗∗∗ .002185∗∗∗ .0006039∗∗∗ .0006039∗∗∗ .0006039∗∗∗ .0003294 .0003294 .0003294
(.0005252) (.0005283) (.0005305) (.0002573) (.0002588) (.0002613) (.0000816) (.0000821) (.0000829) (.00026) (.0002627) (.0002644)

∆t−1T -.0378∗∗∗ -.0378∗∗∗ -.0378∗∗∗ -.0109∗∗∗ -.0109∗∗∗ -.0109∗∗∗ -.001366 -.001366 -.001366 .005639 .005639 .005639
(.006358) (.006392) (.006411) (.003249) (.00327) (.003277) (.001154) (.001164) (.001171) (.003473) (.003497) (.003512)

∆t−1T × Tt−1 .003755∗∗∗ .003755∗∗∗ .003755∗∗∗ .0005043∗∗ .0005043∗∗ .0005043∗∗ .0001449∗ .0001449∗ .0001449∗ -.0002809 -.0002809 -.0002809
(.0004991) (.0005017) (.0005034) (.0002494) (.0002506) (.000251) (.0000814) (.000082) (.0000826) (.0002506) (.0002523) (.0002531)

P (in m) .1346∗∗∗ .1346∗∗∗ .1346∗∗∗ .105∗∗∗ .105∗∗∗ .105∗∗∗ .005573 .005573 .005573 -.0189 -.0189 -.0189
(.03326) (.03329) (.03337) (.017) (.01703) (.01712) (.004704) (.004722) (.004749) (.01357) (.01357) (.01357)

P × P (in m) -.008642 -.008642 -.008642 -.01119∗∗∗ -.01119∗∗∗ -.01119∗∗∗ .0001447 .0001447 .0001447 .002998 .002998 .002998
(.006562) (.006554) (.006566) (.003471) (.003479) (.003506) (.001023) (.001027) (.001036) (.00294) (.002932) (.002926)

RM -.02656∗∗∗ -.02656∗∗∗ -.02656∗∗∗ -.02229∗∗∗ -.02229∗∗∗ -.02229∗∗∗ -.001911∗∗∗ -.001911∗∗∗ -.001911∗∗∗ .003836∗∗ .003836∗∗ .003836∗∗

(.004929) (.004939) (.004957) (.002486) (.002491) (.002503) (.0006633) (.0006652) (.0006685) (.001853) (.001858) (.001862)

RM ×RM .002547∗∗∗ .002547∗∗∗ .002547∗∗∗ .002115∗∗∗ .002115∗∗∗ .002115∗∗∗ .000315∗∗ .000315∗∗ .000315∗∗ .0006488∗ .0006488∗ .0006488∗

(.0009743) (.0009748) (.0009763) (.0004686) (.0004695) (.0004706) (.0001345) (.0001344) (.0001345) (.0003585) (.0003588) (.000359)

PW .001664∗∗∗ .001664∗∗∗ .001664∗∗∗ .0008331∗∗∗ .0008331∗∗∗ .0008331∗∗∗ .0000438 .0000438 .0000438 -.0000796 -.0000796 -.0000796
(.0004018) (.0004018) (.0004021) (.0002072) (.0002076) (.0002082) (.0000555) (.0000555) (.0000558) (.0001532) (.0001532) (.0001529)

PW × PW -7.51e-06∗∗∗ -7.51e-06∗∗∗ -7.51e-06∗∗∗ -4.04e-06∗∗∗ -4.04e-06∗∗∗ -4.04e-06∗∗∗ -3.58e-07 -3.58e-07 -3.58e-07 7.21e-08 7.21e-08 7.21e-08
(1.68e-06) (1.68e-06) (1.68e-06) (8.84e-07) (8.86e-07) (8.89e-07) (2.45e-07) (2.45e-07) (2.46e-07) (6.71e-07) (6.71e-07) (6.69e-07)

PE (in mm) -.0001996∗∗∗ -.0001996∗∗∗ -.0001996∗∗∗ -.0001797∗∗∗ -.0001797∗∗∗ -.0001797∗∗∗ -.0000364∗∗∗ -.0000364∗∗∗ -.0000364∗∗∗ .0000486 .0000486 .0000486
(.0000663) (.0000662) (.0000661) (.0000345) (.0000346) (.0000348) (.0000112) (.0000113) (.0000114) (.000034) (.0000338) (.0000337)

PE (in mm)× T 7.46e-06 7.46e-06 7.46e-06 .0000129∗∗∗ .0000129∗∗∗ .0000129∗∗∗ 2.38e-06∗∗∗ 2.38e-06∗∗∗ 2.38e-06∗∗∗ -4.41e-06∗ -4.41e-06∗ -4.41e-06∗

(5.43e-06) (5.42e-06) (5.42e-06) (2.73e-06) (2.74e-06) (2.75e-06) (8.37e-07) (8.42e-07) (8.45e-07) (2.47e-06) (2.45e-06) (2.44e-06)

ESWD -.0423∗∗∗ -.0423∗∗∗ -.0423∗∗∗ -.0182∗∗∗ -.0182∗∗∗ -.0182∗∗∗ -.006644∗∗∗ -.006644∗∗∗ -.006644∗∗∗ .002853 .002853 .002853
(.009765) (.009739) (.009758) (.003895) (.003903) (.003929) (.001699) (.001701) (.001699) (.00532) (.005329) (.005334)

Observations 128588 128588 128588 148506 148506 148506 150090 150090 150090 148661 148661 148661
R2 .2171 .2171 .2171 .2269 .2269 .2269 .2688 .2688 .2688 .04877 .04877 .04877

Standard errors in parentheses

SE are robust to spatial correlations (9km) and different cutoff of autocorrelation
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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C.3 Placebo tests

Figure C.1: Point estimates obtained from a placebo test based on randomly reshuf-
fling climate variables across time and space for the bottom 25% of the income dis-
tribution
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Note: Red titles indicate variables that are not statistically significant in the baseline regression.
The reported p-values test whether the baseline estimate is significantly different from the placebo
distribution of coefficients
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Figure C.2: Point estimates obtained from a placebo test based on randomly reshuf-
fling climate variables across time and space for the bottom 50% of the income dis-
tribution
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Note: Red titles indicate variables that are not statistically significant in the baseline regression.
The reported p-values test whether the baseline estimate is significantly different from the placebo
distribution of coefficients
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Figure C.3: Point estimates obtained from a placebo test based on randomly reshuf-
fling climate variables across time and space for the mean income of the income
distribution
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Note: Red titles indicate variables that are not statistically significant in the baseline regression.
The reported p-values test whether the baseline estimate is significantly different from the placebo
distribution of coefficients
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Figure C.4: Point estimates obtained from a placebo test based on randomly reshuf-
fling climate variables across time and space for the top 1% of the income distribution
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Note: Red titles indicate variables that are not statistically significant in the baseline regression.
The reported p-values test whether the baseline estimate is significantly different from the placebo
distribution of coefficients
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C.4 Baseline specification with additional robustness

Table C.6: Effect on bottom 25% income growth of climate variables at municipality
levels. Columns report results with different model specification or different subsam-
ple

(1) (2) (3) (4) (5) (6)
Baseline No ESWD No interaction No Lag No Covid No Emilia

T̃ -.08047∗∗∗ -.08073∗∗∗ -.0718∗∗∗ -.07434∗∗∗ -.02644∗∗∗ -.07672∗∗∗

(.008864) (.008868) (.008704) (.008533) (.008713) (.009116)

∆T -.068∗∗∗ -.068∗∗∗ -.01934∗∗∗ -.05111∗∗∗ -.07127∗∗∗ -.06764∗∗∗

(.00689) (.00689) (.003371) (.006449) (.00685) (.007016)

∆T × T .003981∗∗∗ .003983∗∗∗ .002531∗∗∗ .003655∗∗∗ .003865∗∗∗

(.0005252) (.0005252) (.0004935) (.0005264) (.0005353)

∆t−1T -.0378∗∗∗ -.03776∗∗∗ .006596∗ -.04567∗∗∗ -.03962∗∗∗

(.006358) (.006358) (.003617) (.006319) (.006458)

∆t−1T × Tt−1 .003755∗∗∗ .003751∗∗∗ .004197∗∗∗ .003843∗∗∗

(.0004991) (.0004992) (.0004973) (.0005079)

P (in m) .1346∗∗∗ .1339∗∗∗ .151∗∗∗ .09936∗∗∗ .1014∗∗∗ .1171∗∗∗

(.03326) (.03327) (.03322) (.03274) (.0329) (.03435)

P × P (in m) -.008642 -.008462 -.0122∗ -.003835 -.003307 -.006259
(.006562) (.006564) (.006498) (.006477) (.006511) (.006745)

RM -.02656∗∗∗ -.02646∗∗∗ -.02859∗∗∗ -.02097∗∗∗ -.02671∗∗∗ -.02543∗∗∗

(.004929) (.004931) (.004946) (.004845) (.004936) (.005112)

RM ×RM .002547∗∗∗ .002535∗∗∗ .002498∗∗ .002598∗∗∗ .003241∗∗∗ .00264∗∗

(.0009743) (.0009748) (.0009726) (.0009532) (.0009787) (.001034)

PW .001664∗∗∗ .001663∗∗∗ .001337∗∗∗ .001205∗∗∗ .002851∗∗∗ .002098∗∗∗

(.0004018) (.0004018) (.0003993) (.0003831) (.0004068) (.0004166)

PW × PW -7.51e-06∗∗∗ -7.51e-06∗∗∗ -6.22e-06∗∗∗ -5.87e-06∗∗∗ -.0000106∗∗∗ -8.80e-06∗∗∗

(1.68e-06) (1.68e-06) (1.67e-06) (1.58e-06) (1.70e-06) (1.73e-06)

PE (in mm) -.0001996∗∗∗ -.0002013∗∗∗ -.000108∗∗∗ -.0001443∗∗ -.0000233 -.0001838∗∗∗

(.0000663) (.0000663) (.0000218) (.0000657) (.0000704) (.0000673)

PE (in mm)× T 7.46e-06 7.55e-06 2.11e-06 -1.80e-06 6.51e-06
(5.43e-06) (5.43e-06) (5.38e-06) (5.76e-06) (5.51e-06)

ESWD -.0423∗∗∗ -.0423∗∗∗ -.04057∗∗∗ -.04344∗∗∗ -.04143∗∗∗

(.009765) (.009769) (.009744) (.01142) (.01058)

Observations 128588 128588 128588 135929 120930 122387
R2 .2171 .217 .2162 .2067 .2186 .2159

Standard errors in parentheses

SE are robust to spatial correlations (9km) and autocorrelation (1year)
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table C.7: Effect on bottom 50% income growth of climate variables at municipality
levels. Columns report results with different model specification or different subsam-
ple

(1) (2) (3) (4) (5) (6)
Baseline No ESWD No interacation No Lag No Covid No Emilia

T̃ -.07368∗∗∗ -.07374∗∗∗ -.06885∗∗∗ -.07692∗∗∗ -.06248∗∗∗ -.07354∗∗∗

(.004039) (.00404) (.003982) (.004026) (.004122) (.004146)

∆T -.04025∗∗∗ -.04025∗∗∗ -.01331∗∗∗ -.03488∗∗∗ -.04235∗∗∗ -.04173∗∗∗

(.003413) (.003414) (.001492) (.003199) (.00341) (.003482)

∆T × T .002185∗∗∗ .002185∗∗∗ .002066∗∗∗ .002349∗∗∗ .002223∗∗∗

(.0002573) (.0002573) (.0002435) (.0002573) (.0002622)

∆t−1T -.0109∗∗∗ -.01089∗∗∗ -.005705∗∗∗ -.01258∗∗∗ -.0117∗∗∗

(.003249) (.00325) (.001627) (.003221) (.003305)

∆t−1T × Tt−1 .0005043∗∗ .0005028∗∗ .000665∗∗∗ .0005045∗∗

(.0002494) (.0002494) (.0002459) (.0002535)

P (in m) .105∗∗∗ .1047∗∗∗ .1241∗∗∗ .08199∗∗∗ .09084∗∗∗ .1008∗∗∗

(.017) (.017) (.01688) (.01723) (.01723) (.01749)

P × P (in m) -.01119∗∗∗ -.01112∗∗∗ -.01592∗∗∗ -.007752∗∗ -.009114∗∗∗ -.01037∗∗∗

(.003471) (.003473) (.003413) (.003519) (.003502) (.003562)

RM -.02229∗∗∗ -.02224∗∗∗ -.02401∗∗∗ -.01868∗∗∗ -.02211∗∗∗ -.02229∗∗∗

(.002486) (.002488) (.002484) (.002481) (.002536) (.002577)

RM ×RM .002115∗∗∗ .002109∗∗∗ .00234∗∗∗ .001991∗∗∗ .002277∗∗∗ .002166∗∗∗

(.0004686) (.0004689) (.0004652) (.0004652) (.0004736) (.0005034)

PW .0008331∗∗∗ .0008325∗∗∗ .0006284∗∗∗ .0005756∗∗∗ .001263∗∗∗ .001019∗∗∗

(.0002072) (.0002072) (.0002053) (.0001984) (.0002099) (.0002152)

PW × PW -4.04e-06∗∗∗ -4.04e-06∗∗∗ -3.26e-06∗∗∗ -3.09e-06∗∗∗ -5.16e-06∗∗∗ -4.75e-06∗∗∗

(8.84e-07) (8.84e-07) (8.80e-07) (8.35e-07) (9.06e-07) (9.12e-07)

PE (in mm) -.0001797∗∗∗ -.0001802∗∗∗ -.0000203∗∗ -.0001471∗∗∗ -.0001408∗∗∗ -.0001766∗∗∗

(.0000345) (.0000345) (.0000102) (.0000343) (.0000377) (.0000348)

PE (in mm)× T .0000129∗∗∗ .0000129∗∗∗ 9.98e-06∗∗∗ .0000112∗∗∗ .0000127∗∗∗

(2.73e-06) (2.73e-06) (2.72e-06) (2.98e-06) (2.76e-06)

ESWD -.0182∗∗∗ -.01835∗∗∗ -.01758∗∗∗ -.01619∗∗∗ -.01756∗∗∗

(.003895) (.003914) (.003757) (.00462) (.004207)

Observations 148506 148506 148506 156358 140608 142238
R2 .2269 .2269 .2259 .2144 .2198 .2259

Standard errors in parentheses

SE are robust to spatial correlations (9km) and autocorrelation (1year)
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table C.8: Effect on mean income growth of climate variables at municipality levels.
Columns report results with different model specification or different subsample

(1) (2) (3) (4) (5) (6)
Baseline No ESWD No interacation No Lag No Covid No Emilia

T̃ -.0114∗∗∗ -.01142∗∗∗ -.01019∗∗∗ -.01147∗∗∗ -.006979∗∗∗ -.01081∗∗∗

(.001115) (.001115) (.001107) (.001079) (.001124) (.001135)

∆T -.008789∗∗∗ -.008787∗∗∗ -.001337∗∗∗ -.007518∗∗∗ -.009022∗∗∗ -.009048∗∗∗

(.00114) (.00114) (.0004142) (.001075) (.001137) (.001157)

∆T × T .0006039∗∗∗ .0006038∗∗∗ .0004979∗∗∗ .000594∗∗∗ .0006034∗∗∗

(.0000816) (.0000816) (.0000773) (.0000816) (.0000828)

∆t−1T -.001366 -.001362 .0001522 -.001909∗ -.00121
(.001154) (.001155) (.0004431) (.001152) (.001169)

∆t−1T × Tt−1 .0001449∗ .0001443∗ .0001807∗∗ .0001245
(.0000814) (.0000814) (.0000812) (.0000821)

P (in m) .005573 .005465 .01035∗∗ .00584 .00367 .006417
(.004704) (.004705) (.004666) (.004612) (.004724) (.004801)

P × P (in m) .0001447 .0001712 -.0009407 -.0003275 .0002692 .0000246
(.001023) (.001023) (.001003) (.001009) (.001032) (.001041)

RM -.001911∗∗∗ -.001896∗∗∗ -.002407∗∗∗ -.001871∗∗∗ -.002004∗∗∗ -.002254∗∗∗

(.0006633) (.0006635) (.000661) (.0006512) (.0006658) (.0006794)

RM ×RM .000315∗∗ .0003131∗∗ .0003596∗∗∗ .0002968∗∗ .0004421∗∗∗ .0004307∗∗∗

(.0001345) (.0001345) (.0001345) (.0001317) (.0001338) (.0001419)

PW .0000438 .0000436 -8.11e-06 .000012 .0001458∗∗∗ .0000775
(.0000555) (.0000555) (.0000553) (.0000539) (.0000565) (.0000572)

PW × PW -3.58e-07 -3.58e-07 -1.59e-07 -1.32e-07 -6.25e-07∗∗ -4.81e-07∗

(2.45e-07) (2.45e-07) (2.45e-07) (2.36e-07) (2.53e-07) (2.52e-07)

PE (in mm) -.0000364∗∗∗ -.0000366∗∗∗ -7.15e-06∗∗ -.0000308∗∗∗ -.0000181 -.0000346∗∗∗

(.0000112) (.0000112) (2.83e-06) (.0000111) (.0000117) (.0000114)

PE (in mm)× T 2.38e-06∗∗∗ 2.39e-06∗∗∗ 1.91e-06∗∗ 1.46e-06∗ 2.27e-06∗∗∗

(8.37e-07) (8.37e-07) (8.30e-07) (8.68e-07) (8.44e-07)

ESWD -.006644∗∗∗ -.006674∗∗∗ -.006687∗∗∗ -.006507∗∗∗ -.007716∗∗∗

(.001699) (.0017) (.001691) (.002235) (.001609)

Observations 150090 150090 150090 157988 142192 143820
R2 .2688 .2688 .2682 .2568 .2663 .2658

Standard errors in parentheses

SE are robust to spatial correlations (9km) and autocorrelation (1year)
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table C.9: Effect on top 1% income growth of climate variables at municipality levels.
Columns report results with different model specification or different subsample

(1) (2) (3) (4) (5) (6)
Baseline No ESWD No interacation No Lag No Covid No Emilia

T̃ -.004297 -.004287 -.004024 -.002806 -.001054 -.00249
(.003015) (.003015) (.003011) (.002895) (.003083) (.003096)

∆T .001126 .001125 .005074∗∗∗ .0006999 .001612 .001718
(.003582) (.003582) (.001204) (.00343) (.00361) (.003624)

∆T × T .0003294 .0003294 .0002876 .0002438 .0002792
(.00026) (.00026) (.000248) (.0002623) (.0002627)

∆t−1T .005639 .005637 .002005 .005015 .006565∗

(.003473) (.003472) (.001236) (.003493) (.003516)

∆t−1T × Tt−1 -.0002809 -.0002807 -.00025 -.0003424
(.0002506) (.0002505) (.0002528) (.0002534)

P (in m) -.0189 -.01886 -.01803 -.0252∗ -.01805 -.01253
(.01357) (.01357) (.01351) (.01329) (.01383) (.01388)

P × P (in m) .002998 .002986 .003328 .004518 .002836 .001994
(.00294) (.00294) (.002904) (.002908) (.002994) (.002992)

RM .003836∗∗ .00383∗∗ .003451∗ .004462∗∗ .003646∗ .002646
(.001853) (.001853) (.001848) (.00181) (.00189) (.001909)

RM ×RM .0006488∗ .0006496∗ .0005758 .0006016∗ .0007138∗ .0009693∗∗

(.0003585) (.0003585) (.0003565) (.0003545) (.0003672) (.0003837)

PW -.0000796 -.0000795 -.0000929 -.0000152 -.0000437 -.0000896
(.0001532) (.0001532) (.0001529) (.0001483) (.0001579) (.0001579)

PW × PW 7.21e-08 7.21e-08 1.35e-07 -1.64e-07 6.78e-09 1.06e-07
(6.71e-07) (6.71e-07) (6.70e-07) (6.48e-07) (6.89e-07) (6.89e-07)

PE (in mm) .0000486 .0000487 -7.46e-06 .0000522 .0000307 .0000515
(.000034) (.000034) (8.08e-06) (.0000339) (.000035) (.0000341)

PE (in mm)× T -4.41e-06∗ -4.41e-06∗ -4.72e-06∗ -2.88e-06 -4.72e-06∗

(2.47e-06) (2.47e-06) (2.47e-06) (2.54e-06) (2.48e-06)

ESWD .002853 .002869 .002834 .003973 .003798
(.00532) (.005319) (.005288) (.006673) (.005727)

Observations 148661 148661 148661 156445 140848 142417
R2 .04877 .04877 .04871 .05022 .05148 .04767

Standard errors in parentheses

SE are robust to spatial correlations (9km) and autocorrelation (1year)
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table C.10: Effect on income growth of climate variables at municipality levels con-
trolling for regional per capita income. Columns report results with different model
specifications by different income groups.

Mean Bottom 25% Bottom 50% Top 1%

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

T̃ -.0114∗∗∗ -.01056∗∗∗ -.08047∗∗∗ -.0598∗∗∗ -.07368∗∗∗ -.06968∗∗∗ -.004297 -.003355
(.001115) (.001121) (.008864) (.008801) (.004039) (.004083) (.003015) (.00302)

∆T -.008789∗∗∗ -.008593∗∗∗ -.068∗∗∗ -.06461∗∗∗ -.04025∗∗∗ -.03931∗∗∗ .001126 .001346
(.00114) (.001142) (.00689) (.007061) (.003413) (.003441) (.003582) (.00358)

∆T × T .0006039∗∗∗ .0006012∗∗∗ .003981∗∗∗ .003868∗∗∗ .002185∗∗∗ .002164∗∗∗ .0003294 .0003265
(.0000816) (.0000816) (.0005252) (.0005329) (.0002573) (.0002581) (.00026) (.0002598)

∆t−1T -.001366 -.001359 -.0378∗∗∗ -.03878∗∗∗ -.0109∗∗∗ -.01089∗∗∗ .005639 .005648
(.001154) (.001159) (.006358) (.006349) (.003249) (.003244) (.003473) (.003474)

∆t−1T × Tt−1 .0001449∗ .0001507∗ .003755∗∗∗ .003922∗∗∗ .0005043∗∗ .0005294∗∗ -.0002809 -.0002745
(.0000814) (.0000815) (.0004991) (.0004979) (.0002494) (.0002484) (.0002506) (.0002506)

P (in m) .005573 .004644 .1346∗∗∗ .1135∗∗∗ .105∗∗∗ .101∗∗∗ -.0189 -.0199
(.004704) (.004694) (.03326) (.03325) (.017) (.01698) (.01357) (.01356)

P × P (in m) .0001447 .0002555 -.008642 -.006202 -.01119∗∗∗ -.01075∗∗∗ .002998 .003113
(.001023) (.001022) (.006562) (.00656) (.003471) (.003471) (.00294) (.002941)

RM -.001911∗∗∗ -.001718∗∗∗ -.02656∗∗∗ -.02316∗∗∗ -.02229∗∗∗ -.02141∗∗∗ .003836∗∗ .00405∗∗

(.0006633) (.0006598) (.004929) (.004909) (.002486) (.00247) (.001853) (.001852)

RM ×RM .000315∗∗ .0002743∗∗ .002547∗∗∗ .001888∗ .002115∗∗∗ .00193∗∗∗ .0006488∗ .0006028∗

(.0001345) (.0001342) (.0009743) (.0009938) (.0004686) (.0004707) (.0003585) (.0003597)

PW .0000438 .0000424 .001664∗∗∗ .001683∗∗∗ .0008331∗∗∗ .0008224∗∗∗ -.0000796 -.0000818
(.0000555) (.0000556) (.0004018) (.0003994) (.0002072) (.0002073) (.0001532) (.0001533)

PW × PW -3.58e-07 -3.00e-07 -7.51e-06∗∗∗ -6.73e-06∗∗∗ -4.04e-06∗∗∗ -3.77e-06∗∗∗ 7.21e-08 1.39e-07
(2.45e-07) (2.47e-07) (1.68e-06) (1.67e-06) (8.84e-07) (8.87e-07) (6.71e-07) (6.72e-07)

PE (in mm) -.0000364∗∗∗ -.000032∗∗∗ -.0001996∗∗∗ -.0001072 -.0001797∗∗∗ -.0001593∗∗∗ .0000486 .0000536
(.0000112) (.0000113) (.0000663) (.0000663) (.0000345) (.0000344) (.000034) (.000034)

PE (in mm)× T 2.38e-06∗∗∗ 2.14e-06∗∗ 7.46e-06 1.99e-06 .0000129∗∗∗ .0000117∗∗∗ -4.41e-06∗ -4.68e-06∗

(8.37e-07) (8.39e-07) (5.43e-06) (5.43e-06) (2.73e-06) (2.72e-06) (2.47e-06) (2.47e-06)

ESWD -.006644∗∗∗ -.007045∗∗∗ -.0423∗∗∗ -.04885∗∗∗ -.0182∗∗∗ -.01995∗∗∗ .002853 .002406
(.001699) (.001693) (.009765) (.009631) (.003895) (.003843) (.00532) (.005331)

Y − PC −Reg 5.60e-06∗∗∗ .000078∗∗∗ .0000242∗∗∗ 6.28e-06∗∗∗

(5.00e-07) (3.61e-06) (1.76e-06) (1.23e-06)

Constant 3.98e-16 -4.89e-16 1.31e-13 1.39e-13 -1.45e-15 -1.52e-15 3.99e-15 4.44e-15
(.0001278) (.0001273) (.001005) (.0009907) (.000473) (.0004716) (.0003238) (.0003232)

Observations 150090 150090 128588 128588 148506 148506 148661 148661
R2 .2688 .2703 .2171 .2242 .2269 .2296 .04877 .04895

Standard errors in parentheses

SE are robust to spatial correlations (9km) and different cutoff of autocorrelation
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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