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h i g h l i g h t s

• We assess the short-term regional impact of weather variability on economic activity.

• A Panel VAR with exogenous regressors and local projections quantifies dynamic responses.

• A novel factor extraction method isolates large-scale Mediterranean climate influences on Portugal.

• Hourly rainfall volatility raises purchases and house-price growth, and lowers unemployment; responses differ across regions.
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a b s t r a c t

Weather extremes shape short-run economic activity through both market and nonmarket chan­

nels, yet evidence on local consumer-side activity remains limited. Using a municipality-level 

panel of Portuguese data (2010–2021), we estimate panel VAR and local-projection responses 

to weather shocks of point-of-sale purchases (a measure of merchant-location transaction ac­

tivity, not resident household consumption), together with unemployment and house prices. 

Our central methodological finding is that hourly rather than daily measurement of rainfall 

variability raises the estimated semi-elasticities by an order of magnitude, suggesting that the 

existing climate-economy literature systematically understates the importance of high-intensity 

rainfall. Substantively, the local-projection responses indicate that hourly rainfall volatility raises 

purchases on impact and reverses the following quarter, consistent with intertemporal realloca­

tion; temperature variability generates a sharp positive impact effect followed by a contraction; 

and high fire-danger days raise contemporaneous purchases. Unemployment and house prices 

follow the same patterns more weakly. Regional heterogeneity is substantial, with the Lisbon 

Metropolitan Area and the Algarve sometimes displaying effects opposite in sign to those in the 

North.

1 . Introduction

A growing body of evidence documents the impact of weather extremes on economic activity, yet most studies focus on 

temperature-GDP relationships at the country level (Dell et al., 2012; Burke et al., 2015; Diffenbaugh and Burke, 2019). Two important 

gaps remain. First, while temperature effects on GDP growth and volatility are increasingly well understood (Natoli, 2024), and recent 

work has extended the analysis to precipitation (Kalkuhl and Wenz, 2020; Kotz et al., 2022; Waidelich et al., 2024), there is little 
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evidence on how weather shocks translate into local consumer-side activity, one of the channels through which climate variability 

shapes short-run regional economic outcomes. The impact of natural disasters and temperature on prices has received some attention 

(Parker, 2018; Heinen et al., 2019), but the relationship between weather variability and point-of-sales purchases remains largely 

unexplored, particularly within Europe. Second, most studies rely on national aggregates and mean weather measures, obscuring the 

sub-national heterogeneity in climate exposure and economic response that is critical for the design of spatially targeted adaptation 

policies (European Environment Agency, 2024).

This paper addresses both gaps by analysing the short-run impact of weather shocks on point-of-sales purchases, unemployment, 

and house prices across 278 Portuguese municipalities from 2010 to 2021. Portugal provides a compelling setting for this analysis. 

Located on the western edge of the Iberian Peninsula, within the Mediterranean climate zone (Beck et al., 2018), it faces acute 

exposure to droughts, wildfires, and increasingly erratic precipitation (Lima et al., 2023; Bednar-Friedl et al., 2022). Its pronounced 

north-south climatic gradient, from the mild, Atlantic-influenced coast to the arid, continental interior, generates substantial within-

country variation in weather exposure. At the same time, the availability of municipal-level data on electronic transactions, house 

prices, and unemployment at quarterly frequency enables a sub-national, sub-annual analysis that is rare in the climate-economy 

literature.

We employ a panel vector autoregressive framework with exogenous regressors (PVARX) to model the interactions between 

weather variations and macroeconomic indicators, and construct impulse response functions using panel local projections. The 

weather variables, air temperature, total precipitation, and wildfire risk, are obtained from the ERA5 reanalysis dataset1 and ag­

gregated to the municipal level using area-weighted averages. Crucially, we go beyond mean weather measures to incorporate both 

anomalies (deviations from historical means) and intra-monthly volatility, as well as fire-risk indices.

The paper makes four contributions. First, it introduces a measure of precipitation volatility based on hourly rainfall data (millime­

tres per hour) rather than the daily totals conventionally used in the literature. The distinction is consequential, as hourly volatility 

captures the high-intensity, short-duration rainfall events that climate projections indicate will become more frequent (Lima et al., 

2023) and that are most clearly associated with severe economic disruption, as illustrated by the 2024 floods in Valencia, Spain 

(Rombeek et al., 2025), while daily totals smooth over these episodes and yield qualitatively different results. Second, building on 

this measurement, it provides the first European evidence on how weather variability is associated with point-of-sales purchases, 

our primary outcome of interest; unemployment and house prices are included as supporting outcomes that allow cross-equation 

comparison of the weather signal. Third, it exploits municipal-level variation to uncover substantial heterogeneity, with effects in the 

Lisbon Metropolitan Area and the Algarve sometimes opposite in direction compared to northern Portugal. Fourth, it constructs a set 

of latent climate factors from Mediterranean-region weather data to control for cross-border climatic spillovers that may confound 

the identification of domestic weather effects.

Our main findings are as follows. In the contemporaneous PVARX block, no weather variable is significantly associated with 

purchases growth except temperature variability (+2.5 pp); the contemporaneous weather signal is concentrated in the unemployment 

and house-price equations. The lagged terms reveal systematic within-year adjustment, with rainfall variability and rainfall anomalies 

generating large and partially offsetting effects on purchases growth. The smoothed local-projection responses (Section 5) show that 

temperature and rainfall variability are the dominant drivers across the three outcomes, with sharp impact effects on purchases 

and house prices that subsequently reverse, consistent with intertemporal reallocation. The estimated semi-elasticities are robust to 

including disposable income, non-linear terms, longer lags, and event-count weather indicators. The regional analysis reveals that 

responses are markedly heterogeneous across NUTS-II aggregates, highlighting the importance of spatially disaggregated analysis for 

climate adaptation policy.

The remainder of this paper is structured as follows. Section 2 describes the data and variable construction. Section 3 outlines 

the model specification. Section 4 presents the empirical results. Section 5 presents the panel local projections. Section 6 discusses 

the findings in light of the existing literature. Section 7 concludes. Supplementary Appendix A provides details on the estimation 

strategy, Supplementary Appendix B describes the construction of uniform confidence bands, and Supplementary Appendices C–G 

provide additional empirical results and tables.

2 . Data and variable construction

2.1 . Economic variables

Our analysis is based on a balanced panel of 278 mainland-Portuguese municipalities observed quarterly from 2010Q1 to 2021Q4. 

The three endogenous variables are the value of point-of-sale (POS) purchases in euros (𝑝𝑢𝑟𝑖,𝑡), the house price index (ℎ𝑝𝑖𝑖,𝑡), and the 

unemployment rate (𝑢𝑟𝑖,𝑡); see Fig. 1. Purchases data are taken from Statistics Portugal (INE), reported monthly and aggregated to 

quarters. The unemployment rate is also provided by INE, while the house price index is compiled by Confidencial Imobiliário (a real 

estate data provider in Portugal); both are available at quarterly frequency. All series are recorded at the municipality level.

POS purchases are electronic transactions processed by SIBS2 and reported by INE.3 POS purchases are a measure of local transac­

tion activity rather than total household consumption; they capture spending at the merchant location rather than at the household 

residence, exclude cash transactions, and are sensitive to merchant-side factors. Three implications follow. First, in tourist-intensive 

1 https://cds.climate.copernicus.eu/.
2 Forward Payment Solutions, SA, Portugal’s main payments operator.
3 https://smi.ine.pt/Indicador/Detalhes/18683.
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Fig. 1. Plots of smoothed means of quarterly averages of total point-of-sales purchases (𝑝𝑢𝑟), house price index (ℎ𝑝𝑖), and unemployment rates (𝑢𝑟) at the district level. 

Note: Colored periods correspond to the Sovereign Debt Crisis (blue) and the Portuguese Real Estate Boom (green). (For interpretation of the references to colour in 

this figure legend, the reader is referred to the web version of this article.)

regions (notably the Algarve and Lisbon Metropolitan Area), a non-trivial share of recorded purchases reflects non-resident spending; 

the regional heterogeneity reported in Section 6.1 is consistent with this composition effect. Second, secular trends in card adoption 

and merchant-terminal coverage may add a slow-moving component to municipality-level purchases that the municipality-specific 

quadratic trend absorbs by construction, but residual measurement error of this type cannot be ruled out. Third, the rise of online 

retail over the sample period shifts spending from the merchant’s physical location toward distribution-centre locations, which may 

attenuate the short-run relationship between local weather and local POS activity. We exploit this transaction-side construction de­

liberately, since the mobility, tourism, and retail-footfall channels through which short-run weather affects local economic activity 

are precisely the channels POS data captures.

We include ℎ𝑝𝑖 and 𝑢𝑟 to capture local economic conditions at sub-annual frequency, since key indicators such as HICP, GDP, 

or value added are not available at the municipality level. Conceptually, ℎ𝑝𝑖 proxies local demand pressure and wealth effects, and 

𝑢𝑟 captures labour-market slack; together they absorb confounding business-cycle variation while preserving identification of the 

weather coefficients. We additionally include household disposable income as a sensitivity check, although its within-municipality 

variation is limited.

2.2 . Weather variables

Weather data are obtained from the ERA5 reanalysis (Hersbach et al., 2018, 2020), which provides hourly global fields at 0.25◦ ×
0.25◦ resolution. We use ERA5 rather than station observations for spatial completeness and physical consistency (Linsenmeier, 

2023); validation studies for Portugal confirm strong agreement with ground-station records from the Portuguese Institute for Sea 

and Atmosphere (IPMA), with correlations above 0.97 for temperature and close agreement for precipitation extremes.4 This choice 

is consistent with prevailing approaches in climate-economics research (Kotz et al., 2021; Linsenmeier, 2023; Waidelich et al., 2024). 

Gridded data are aggregated to the municipal level using area-weighted averages of overlapping grid cells (Kotz et al., 2021; Dell 

et al., 2014).5

Our analysis includes six quarterly weather variables, 𝒘𝑖,𝑡 =
(

𝑇̃𝑖,𝑡, 𝑃𝑖,𝑡, 𝑇̆𝑖,𝑡, 𝑃𝑖,𝑡, 𝑓𝑤𝑖𝑖,𝑡, ℎ𝑓𝑑𝑖,𝑡
)′ , capturing both the mean (anomalies, 

denoted by tilde ∼) and volatility (denoted by breve ⌣) of temperature and precipitation, as well as two fire-risk indices (the Fire 

4 See Almeida and Coelho (2023), Espinosa et al. (2023), and Espinosa et al. (2024).
5 Implemented in Python using the xagg library (Schwarzwald and Geil, 2024).
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Fig. 2. Average deviation from the 1961–1990 historical mean, aggregated by municipality for the period 2010–2020. Left: Two-metre air temperature (◦C). Right: 

Total precipitation (𝑚𝑚𝑑𝑎𝑦−1). Positive values indicate warmer or wetter conditions relative to the baseline; negative values indicate cooler or drier conditions.

Weather Index, 𝑓𝑤𝑖𝑖,𝑡, and the number of high-fire-danger days, ℎ𝑓𝑑𝑖,𝑡). Anomalies are computed as deviations from municipality-

specific historical climatological means over the 1961–1990 reference period, the standard climatological baseline of the World 

Meteorological Organization (2017); see Fig. 2 for the spatial distribution of these anomalies. To examine non-linear effects, we 

additionally consider an interaction of temperature and precipitation anomalies (𝑇̃ × 𝑃 ), as well as squared and cubed terms of 𝑇̃𝑖,𝑡
and 𝑃𝑖,𝑡 as exogenous regressors.

2.2.1 . Measuring precipitation volatility

We deviate from the literature (Moberg et al., 2000, Kotz et al., 2021, and Waidelich et al., 2024), and measure day-to-day 

variability as the intra-day standard deviation of hourly rainfall, aggregated quarterly. 

Hourly volatility captures the short, high-intensity rainfall projected to become more frequent (Lima et al., 2023) and is responsible 

for the largest disruption; 50mm falling in two hours and 50mm spread over 24 hours produce identical daily totals but very different 

economic effects. As Section 4 shows, the two measures yield qualitatively different results.

2.3 . Mediterranean climate factors

To control for cross-border climatic spillovers, we construct latent climate factors from countries sharing Portugal’s Mediterranean 

climate profile (Köppen classes Csa and Csb; Beck et al., 2018).6 Historical weather data for precipitation (𝑃 ) and temperature (𝑇 ) 

are obtained for each country from the World Bank’s Climate Change Knowledge Portal (sourced from ERA5). We compute anomalies 

relative to historical means and extract latent factors to construct composite indicators for temperature (𝜂𝑇𝑡 ) and precipitation (𝜂𝑃𝑡 ).

We decompose the 𝑀 × 1 vector of Mediterranean anomalies as 𝒙𝑡 = 𝚲𝜼𝑡 + 𝝃𝑡 (Stock and Watson, 2005), where 𝜼𝑡 is the 𝑟 × 1
vector of latent factors and 𝝃𝑡 the idiosyncratic component, and estimate the factor space by principal components (Stock and Watson, 

2002; Bai and Ng, 2002). Kaiser-Meyer-Olkin statistics (0.921 for temperature, 0.788 for precipitation) and Bartlett’s tests (𝑝 < 10−16) 
confirm the suitability of the factor model.

2.4 . Unit root testing and variable transformations

Logarithmic transformations are applied to purchases and the house price index; the unemployment rate is kept in levels. To 

assess stationarity in the presence of cross-section dependence, we employ the panel unit root tests of Demetrescu et al. (2006) and 

Costantini and Lupi (2013), combined with the Simes (1986) procedure for multiple testing following Hanck (2013).7

For the economic variables, we do not reject the unit-root null for log(𝑝𝑢𝑟𝑖,𝑡), log(ℎ𝑝𝑖𝑖,𝑡), and 𝑢𝑟𝑖,𝑡 at the 1% level, but their first 

differences are stationary. The endogenous block is therefore 𝒚𝑖,𝑡 = (Δ log 𝑝𝑢𝑟𝑖,𝑡, Δ logℎ𝑝𝑖𝑖,𝑡, Δ𝑢𝑟𝑖,𝑡)′. For the weather variables, we do 

not reject the unit-root null for temperature variability (𝑇̆𝑖,𝑡) and 𝑓𝑤𝑖𝑖,𝑡; these enter the model in first differences. The remaining 

weather variables are stationary in levels and enter the model untransformed.

6 See Supplementary Appendix D.2 for the complete list of countries.
7 All unit root test results are provided in Supplementary Appendix C.
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3 . Methodology

3.1 . Model description

We employ a PVARX (Habib, 2022) to quantify how quarterly weather shocks propagate through local economic activity, with 

municipality fixed effects controlling for time-invariant heterogeneity.

For municipality 𝑖 = 1,… , 278 and quarter 𝑡 = 1,… , 48 (covering 2010Q1–2021Q4), the baseline PVARX(p,q) specification with 

municipality fixed effects is,

𝒚𝑖,𝑡 = 𝝁𝑖 + 𝜽𝑖1𝑡 + 𝜽𝑖2𝑡2 +𝚷𝒅𝑖,𝑡 +
𝑝
∑

𝓁=1
𝑨𝓁𝒚𝑖,𝑡−𝓁 + 𝑩𝒘𝑖,𝑡 +

𝑞
∑

𝑗=1
𝑪𝑗𝒘𝑖,𝑡−𝑗 + 𝜺𝑖,𝑡, (1)

where 𝒚𝑖,𝑡 = (Δ log 𝑝𝑢𝑟𝑖,𝑡, Δ logℎ𝑝𝑖𝑖,𝑡, Δ𝑢𝑟𝑖,𝑡)′ is the 3 × 1 endogenous vector, 𝒘𝑖,𝑡 the 6 × 1 weather vector (Section 2.2), and 𝝁𝑖 are 

municipality fixed effects. The linear and quadratic municipality-specific trends 𝜽𝑖1𝑡 and 𝜽𝑖2𝑡2 absorb medium-run heterogeneous 

growth paths that could otherwise bias short-run weather coefficients (Burke et al., 2015). NUTS3-by-quarter seasonal controls, 

𝒅𝑖,𝑡, interact NUTS3 region indicators with quarter-of-year dummies for 𝑄2, 𝑄3, 𝑄4 (𝑄1 as reference); 𝚷 is the associated coefficient 

matrix.8

All subsequent robustness exercises (adding nonlinear weather terms, controlling for non-Portuguese weather shocks, switching 

to count-based hazard indices, or estimating separate regional systems), only alter the composition of 𝒘𝑖,𝑡; the dynamic structure in

(1) remains unchanged. Details on the estimation strategy are provided in the Supplementary Appendix A.

3.2 . Local projections

We complement the PVARX with panel local projections (Jordá, 2005), which estimate the response at each horizon ℎ via a 

separate regression and are robust to dynamic misspecification (Plagborg-Møller and Wolf, 2021). Following Jordá et al. (2015), the 

panel local projection for each response variable 𝑦𝑟𝑖,𝑡 (𝑟 = 1,… , 3), is

𝑦𝑟𝑖,𝑡+ℎ = 𝜇ℎ
𝑖 + 𝜃ℎ𝑖1𝑡 + 𝜃ℎ𝑖2𝑡

2 +𝚷ℎ𝒅𝑖,𝑡 +𝑤𝑘
𝑖,𝑡𝛽

ℎ + 𝒙′𝑖,𝑡𝚪
ℎ +

𝑝
∑

𝑙=1
𝒔′𝑖,𝑡−𝑙𝚽

ℎ
𝑙 + 𝜖𝑖,𝑡+ℎ, (2)

where ℎ = 0, 1,… , 12, 𝑤𝑘
𝑖,𝑡 is the weather shock of interest, 𝒙𝑖,𝑡 is the vector of contemporaneous regressors that complements 𝑤𝑘

𝑖,𝑡 and 

𝑦𝑟𝑖,𝑡, namely the contemporaneous values of the remaining endogenous variables in 𝒚𝑖,𝑡 (excluding the response 𝑦𝑟𝑖,𝑡) and the remaining 

weather variables in 𝒘𝑖,𝑡 (excluding the shock of interest 𝑤𝑘
𝑖,𝑡), and 𝒔𝑖,𝑡−𝑙 collects the 𝑙th lag of all elements of 𝒙𝑖,𝑡 together with 𝑦𝑟𝑖,𝑡−𝑙

and 𝑤𝑘
𝑖,𝑡−𝑙, with 𝑝 = 2 in the baseline. Fixed effects, trends, and NUTS3-by-quarter controls match the PVARX specification. Pointwise 

95% bands and uniform 90% (outer) and 68% (inner) sup-𝑡 bands following Montiel Olea and Plagborg-Møller (2019) (Supplementary 

Appendix B) are computed over 12 horizons (three years).

Our identifying assumption is that, conditional on the controls, the short-run within-municipality variation in weather is uncorre­

lated with the contemporaneous economic shock. The municipality fixed effects absorb time-invariant cross-sectional heterogeneity, 

the municipality-specific linear and quadratic trends absorb slow-moving structural change, the NUTS3-by-quarter seasonal fixed 

effects absorb common region-by-quarter cycles, and the Mediterranean factor block absorbs cross-border atmospheric and economic 

spillovers. Under this design, residual within-municipality weather variation is plausibly exogenous to the contemporaneous inno­

vation in 𝒚𝑖,𝑡 on the short, sub-annual horizon we study, since anthropogenic feedbacks on local climate operate over decades. We 

therefore interpret the estimated coefficients and impulse responses as conditional dynamic responses of local economic activity to 

realised weather deviations, not as structural climate damages or counterfactual welfare effects.

4 . Empirical results

4.1 . Baseline dynamic effects

Table 1 presents the coefficients from the PVARX specification with one quarterly lag. The estimation controls for municipality 

fixed effects, municipality-specific linear and quadratic time trends, and NUTS3-by-quarter seasonal fixed effects; for brevity, we omit 

these coefficients from the main tables and report the full set of estimates in Supplementary Appendix E. Because purchases and the 

house price index enter in first differences of natural logarithms, the reported coefficients can be interpreted as semi-elasticities of 

quarterly growth; i.e., a one-unit increase in the weather regressor is associated with a change of 100 × 𝛽 in the quarterly growth rate 

of purchases (or house prices), in percentage points (holding other regressors fixed).

The economic block behaves as expected, i.e., purchases growth displays quarterly mean reversion, lagged unemployment changes 

negatively spill into purchases growth and house-price growth, and lagged house-price growth is negatively associated with the change 

in the unemployment rate, consistent with a short-run demand channel.9

8 Nomenclature of Territorial Units for Statistics (NUTS) developed by the European Union.
9 All magnitudes reported in this section are semi-elasticities. A coefficient of 0.015 on 𝑃 , for example, corresponds to a 1.5 percentage point (pp) change in the 

quarterly growth rate of the dependent variable per 1mmday−1 rainfall anomaly. The unemployment rate is not logged, so coefficients are interpreted directly in pp.
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Table 1

Fixed-Effects PVARX(1, 1) baseline estimation results, with Conley standard errors.

Dependent Variables: Δ𝑙𝑜𝑔(𝑝𝑢𝑟) Δ𝑙𝑜𝑔(ℎ𝑝𝑖) Δ𝑢𝑟
Model: (1) (2) (3)

Variables

Δ𝑙𝑜𝑔(𝑝𝑢𝑟)𝑡−1 −0.1592∗ 0.0010 0.0013

(0.0923) (0.0016) (0.0015)

Δ𝑢𝑟𝑡−1 −1.033∗∗ −0.1852∗∗∗ −0.1047∗∗∗

(0.4986) (0.0393) (0.0295)

Δ𝑙𝑜𝑔(ℎ𝑝𝑖)𝑡−1 −0.0130 0.0092 −0.0231∗∗∗

(0.0508) (0.0326) (0.0051)

𝜃𝑖1𝑡 0.0001 0.0017∗∗∗ −0.0003∗∗∗

(0.0006) (0.0003) (8.71 × 10−5)
𝜃𝑖2𝑡 1.12 × 10−5 −1.5 × 10−5∗∗∗ 5.24 × 10−6∗∗

(1.23 × 10−5) (4.85 × 10−6) (2.09 × 10−6)
Δ𝑓𝑤𝑖 0.0002 6.94 × 10−5 0.0001

(0.0021) (0.0006) (0.0002)

ℎ𝑓𝑑 0.0016 −0.0005 0.0002

(0.0027) (0.0010) (0.0002)

𝑃 0.0638 0.0209 −0.0131∗∗∗

(0.0403) (0.0182) (0.0028)

𝑃 −0.0680 −0.0394 0.0235∗∗∗

(0.0639) (0.0311) (0.0046)

𝑇̃ −0.0026 0.0048∗∗∗ −0.0012∗∗∗

(0.0041) (0.0012) (0.0003)

Δ𝑇̆ 0.0254∗∗∗ −0.0004 −0.0013∗∗∗

(0.0088) (0.0015) (0.0005)

Δ𝑓𝑤𝑖𝑡−1 0.0063∗∗∗ 0.0011∗ −0.0001

(0.0014) (0.0006) (9.7 × 10−5)
ℎ𝑓𝑑𝑡−1 −0.0009 0.0013 −0.0002

(0.0020) (0.0010) (0.0001)

𝑃𝑡−1 −0.1232∗∗∗ −0.0172 0.0100∗∗∗

(0.0418) (0.0109) (0.0020)

𝑃𝑡−1 0.1460∗∗ 0.0371∗∗ −0.0176∗∗∗

(0.0698) (0.0188) (0.0032)

𝑇̃𝑡−1 −0.0019 −0.0075∗∗∗ 0.0015∗∗∗

(0.0038) (0.0013) (0.0002)

Δ𝑇̆𝑡−1 −0.0568∗∗∗ 0.0166∗∗∗ 0.0006

(0.0155) (0.0032) (0.0006)

Fixed-effects

municipality Yes Yes Yes

Observations 11,676 11,676 11,676

Notes: Sample of 278 mainland-Portuguese municipalities, 2010Q1–2021Q4 (full 

balanced panel 𝑁×𝑇 = 11,676; the estimation sample reported above is reduced after 

first differencing and lag inclusion). All specifications include municipality fixed 

effects, municipality-specific linear and quadratic trends, and NUTS3-by-quarter-of-

year seasonal fixed effects (full estimates in Supplementary Appendix E). Anomalies 

(𝑇̃ , 𝑃 ) are deviations from 1961 to 1990 climatological means. Standard errors are 

Conley spatial HAC standard errors (Conley, 1999), computed using the latitude 

and longitude of municipality centroids, and a 60 km distance cutoff. Significance: 
∗𝑝 < 0.10, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01.

Three patterns dominate the weather block. First, no contemporaneous weather variable enters significantly for purchase growth 

except changes in temperature variability (Δ𝑇̆ , +2.5 pp); the contemporaneous weather signal is concentrated in the unemployment 

and house-price equations, where rainfall anomalies, rainfall variability, temperature anomalies, and temperature variability all 

enter significantly for unemployment, and temperature anomalies enter positively for house prices. Second, the lagged weather 

block reveals systematic within-year adjustment for purchases, lagged rainfall anomalies and lagged temperature variability are large 

and negative (𝑃𝑡−1, −12.3 pp; Δ𝑇̆𝑡−1, −5.7 pp), while lagged rainfall variability reverses to a large positive (𝑃𝑡−1, +14.6 pp). Third, 

for unemployment and house prices the lagged terms reverse the contemporaneous signs for rainfall and temperature anomalies, 

consistent with a one-quarter overshoot-and-correct dynamic. Full magnitudes and standard errors are in Table 1.

4.2 . Robustness checks

4.2.1 . Controlling for cross-border weather spillovers

Including Mediterranean-wide factor variables (Supplementary Appendix D.2 lists the countries; Supplementary Appendix F.1 

reports full results) leaves the domestic weather structure broadly intact for unemployment and house prices, while attenuating much 

of the purchases signal. In particular the contemporaneous temperature variability and the large lagged rainfall coefficients are no 

longer distinguishable from zero, whereas the lagged temperature variability term (Δ𝑇̆𝑡−1) and the lagged fire weather index remain 
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Table 2

Precipitation-volatility coefficients: hourly (𝑚𝑚ℎ𝑜𝑢𝑟−1) versus daily 

(𝑚𝑚𝑑𝑎𝑦−1) measurement.

Daily Δ𝑃𝑡𝑜𝑡𝑎𝑙 Hourly 𝑃  (baseline)

Dependent variable: Δ log(𝑝𝑢𝑟)
𝑡 0.0004∗∗ −0.0680

𝑡 − 1 −0.0008∗∗∗ 0.1460∗∗

Dependent variable: Δ𝑢𝑟
𝑡 −8.33×10−5∗∗∗ 0.0235∗∗∗

𝑡 − 1 −3.75×10−5 −0.0176∗∗∗

Dependent variable: Δ log(ℎ𝑝𝑖)
𝑡 0.0001 −0.0394

𝑡 − 1 −0.0001∗ 0.0371∗∗

Notes: Coefficients are semi-elasticities; multiplying by 100 gives 

the percentage-point change in the quarterly growth rate of the 

dependent variable per one-unit change in the regressor. The two 

columns differ only in the construction of 𝑃 : column (1) uses the 

intra-monthly standard deviation of daily totals (mm/day); col­

umn (2) uses the intra-daily standard deviation of hourly values 

(mm/hour). All other regressors, fixed effects, trends, and seasonal 

controls match the baseline PVARX(1,1) (Section 3.1). Significance: 
∗𝑝 < 0.10, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01.

unaffected. The attenuation admits two complementary interpretations: (i) the common Mediterranean component may directly 

confound domestic coefficients by removing non-domestic atmospheric variation that coincides with favourable local conditions, or 

(ii) it may partly proxy for cross-border economic channels such as synchronised tourism and trade flows; the present specification 

cannot cleanly separate the two. The Mediterranean factors themselves enter significantly across all three equations with intuitive 

signs (warmer Mediterranean conditions and a positive precipitation factor are associated with higher purchases and house-price 

growth and lower unemployment changes).

4.2.2 . Re-estimating with an alternate volatility measure (𝑚𝑚 𝑑𝑎𝑦−1)
The literature typically measures rainfall variability as the intra-monthly standard deviation of daily totals in millimetres per day 

(𝑚𝑚 𝑑𝑎𝑦−1), whereas the baseline employs the intra-daily standard deviation of hourly values in millimetres per hour (𝑚𝑚 ℎ𝑜𝑢𝑟−1) to 

capture short, intense downpours. To assess the sensitivity of the baseline findings to this choice, we recompute 𝑃  using the day-level 

unit (Δ𝑃𝑡𝑜𝑡𝑎𝑙) and re-estimate an otherwise identical specification (see Supplementary Appendix F.2 for the full results).

Switching to the daily measure alters both the sign pattern and the magnitude of the precipitation-variability coefficients; Table 2 

reports the relevant coefficients side by side, drawn from the baseline PVARX(1,1) (hourly) and the otherwise identical specification 

with the daily measure (Supplementary Appendix F.2).

The hourly and daily coefficients in Table 2 differ in sign for every cell except lagged unemployment, indicating that the two 

measures capture different dimensions of rainfall exposure. The hourly coefficients are uniformly larger in absolute value; per one 

standard deviation of each regressor, the hourly semi-elasticities for purchases and house prices remain roughly an order of magnitude 

larger than their daily counterparts. Under the hourly measure, the contemporaneous purchases coefficient is large in magnitude but 

not statistically significant (𝑡 ≈ −1.06); the one-quarter-lag coefficient of 𝑃𝑡−1 is significant at the five-percent level and reverses 

sign. Outside the precipitation-variability block itself, the dynamic structure of the system is stable across the two specifications. The 

lagged endogenous variables retain the same signs and significance under the daily measure; for example, Δ𝑢𝑟𝑡−1 remains significantly 

negative in the house-price equation (−0.1741 versus −0.1852 in the baseline). All temperature terms (including the contemporaneous 

and lagged coefficients for Δ𝑇̆  and 𝑇̃ ), preserve their signs and significance across all three equations, and the fire-weather controls 

are likewise unaffected (Supplementary Appendix F.2). The one exception outside the variability block is the pair of precipitation-

level variables, 𝑃𝑡 and 𝑃𝑡−1, which change sign in the unemployment and house-price equations. This is a collinearity effect: both 

𝑃  (the rainfall anomaly) and 𝑃  (rainfall variability) summarise aspects of the within-quarter rainfall distribution, so switching from 

the hourly to the daily construction of 𝑃  changes how much of that joint variation is absorbed by the variability term, altering what 

residual variation 𝑃  is left to explain conditional on the remaining regressors. The level and variability coefficients should therefore 

always be read as a pair; the former has no stable interpretation independent of how the latter is constructed.

The two measures are therefore not interchangeable. The hourly construction isolates the intensity of short-duration downpours 

within a day, while the daily standard deviation reflects day-to-day fluctuations in total accumulation across the month. Where 

disruption is driven by brief, intense events, as in the Valencia flash floods, in which a large share of daily accumulation arrived 

within a few hours (Rombeek et al., 2025), the hourly measure captures the relevant exposure and the daily measure may smooth it 

away.

4.2.3 . Additional robustness checks

Further robustness exercises are reported in Supplementary Appendix F. Augmenting the baseline system with municipality dis­

posable income growth (Appendix F.3) leaves the weather coefficients with their baseline sign pattern and timing, ruling out an 
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Fig. 3. Classification of municipalities into NUTS 2 categories sourced from INE.

omitted income-growth channel; lagged temperature anomalies are themselves negatively associated with income growth, suggesting 

an independent temperature-income channel.

Allowing non-linear weather effects (Appendix F.4) yields three messages. The compound-risk interaction 𝑇̃ ×𝑃  is significant only 

for purchases and indicates that jointly high temperature and precipitation anomalies are associated with lower purchase growth. 

Polynomial terms in temperature are significant in the unemployment and purchase equations, and a binned specification using 

daily-mean temperature shows lower purchase growth and house-price growth in the cold (< 0◦C) and extreme-heat (> 35◦C) tails. 

For precipitation, non-linearity is concentrated in the house-price equation.

Two further checks confirm robustness. Four quarterly lags (Appendix F.5) redistribute adjustment across longer horizons but 

preserve the headline contemporaneous associations in the unemployment equation. Replacing continuous weather indices with 

count-based extremes (Appendix F.6) yields qualitatively similar directions and the same short-horizon reversal pattern, indicating 

the baseline results are not an artefact of the scaling of the weather regressors.

4.3 . Heterogeneous responses across major regions

Geography, sectoral structure, and exposure to tourism differ markedly across the country, particularly between the Lisbon 

Metropolitan Area, the North, and the Algarve holiday coast in the south. To examine whether the headline relationships mask 

region-specific patterns, the panel is split into three NUTS-II aggregates (Lisbon Metropolitan Area, North, and Algarve); a map is 

provided in Fig. 3. Each subsample is re-estimated using the baseline one-lag specification. In these subsample regressions, the NUTS-

III-by-quarter controls are replaced with quarter dummies only (𝜌𝑞 , 𝑞 ∈ {2, 3, 4}), because each NUTS-II aggregate contains relatively 

few NUTS-III regions and the fully interacted set would be highly parameter-intensive, while quarter effects are sufficient to absorb 

common seasonality within each restricted panel. The full results, including standard errors and significance levels for all coefficients, 

are provided in Supplementary Appendix F.7. The coefficients reported below are statistically significant at the 5% level or better 

unless otherwise noted; see supplementary tables for complete inference.

In the Lisbon Metropolitan Area the weather signal does not load on purchases; no contemporaneous weather variable enters 

significantly at the 5% level. It loads instead on unemployment (rainfall anomalies enter positively, temperature-variability changes 

negatively) and on house prices (temperature anomalies enter negatively contemporaneously and positively at the lag, reversing the 

national sign; lagged rainfall variability is positively associated with house-price growth). The endogenous block also differs from the 

national panel: purchases lose mean reversion and the unemployment spillover into purchases flips sign.

In the North the baseline structure is broadly preserved and rainfall dominates the purchases equation, with large and offsetting 

contemporaneous and lagged associations of rainfall anomalies and rainfall variability that reverse sign at the lag; the same sign 

pattern holds for unemployment at smaller magnitudes. Fire-risk terms become more prominent than in the national panel and enter 

significantly for both unemployment and house prices.

In the Algarve, the estimated weather effects differ sharply from the rest of the country. Rainfall coefficients in the purchases 

equation are much larger in magnitude and reverse at the lag, contemporaneous rainfall variability is strongly positive, while its 

lag is strongly negative. This pattern is consistent with a small, tourism-intensive panel in which the rainfall-variability measure 

may capture particularly intense or localized weather dynamics. Lagged rainfall terms also enter significantly in the unemployment 

equation, while fire-risk and heat-related variables show more pronounced timing effects in the house-price equation, especially 

through contemporaneous fire weather, hazardous fire days, and lagged temperature variability.
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Because the regression coefficients are expressed per unit of the regressor (mm/hour for 𝑃 , mm/day for 𝑃 ) and one-unit changes are 

well outside the typical in-sample range for these variables, the per-one-standard-deviation impulse responses in Section 5 should be 

read as the economically meaningful magnitudes for cross-region interpretation; the full coefficient table for each NUTS-II aggregate 

is in Supplementary Appendix F.7.

5 . Economic responses to weather shocks

This section reports local-projection responses to one-standard-deviation shocks in temperature and precipitation conditions over 

twelve quarters, estimated using (2). We present the smoothed impulse responses following Barnichon and Brownlees (2019); the 

supplementary material reports the corresponding unsmoothed local projections, as well as responses for fire risk and Mediterranean 

controls. For purchases and the house-price index, the vertical axis is interpreted as percentage-point changes in quarterly growth, that 

is, 100 × 𝛽ℎ; unemployment effects are reported in percentage points of the quarterly change in the unemployment rate. The figures 

plot two uniform sup-𝑡 bands: an outer 90% band and an inner 68% band; the inferential framework is described in Section 5.4.

We distinguish between (i) anomaly shocks, which are innovations to deviations from the long-run local climatology, such as 

unusually wet or unusually warm quarters relative to historical norms, and (ii) volatility shocks, which are innovations to mean 

within-day variability (capturing shifts in intra-day fluctuations).

5.1 . Purchases

A temperature-anomaly (𝑇̃ ) shock reduces purchase growth on impact by roughly one percentage point (Fig. 4); the response stays 

negative for two quarters before reversing and tapering back to zero. Temperature variability (Δ𝑇̆ ) generates a much larger response: 

a sharp positive impact effect (around four pp), a brief contraction one quarter ahead, and a sustained positive phase peaking around 

six quarters ahead at roughly eight pp.

Rainfall shocks are similarly large. A rainfall-anomaly (𝑃 ) shock depresses purchase growth on impact by about one pp, then 

climbs to a peak of roughly four pp around five quarters ahead before fading. Rainfall variability (𝑃 ) produces a U-shape with the 

largest impact effects among the four shocks, a sharp + 5 pp surge on impact, a trough near −2 pp around five quarters ahead, and 

a return to baseline by the end of the horizon.

Fig. 4. Smoothed impulse responses for purchases to shocks in temperature and rain. Outer band: uniform 90% sup-𝑡. Inner band: uniform 68% sup-𝑡. See Section 5.4.

 

Journal of Environmental Economics and Management 140 (2026) 103409 

9 



D.A. Pandit, P.M.M. Rodrigues and J. Seixo

Fig. 5. Smoothed impulse responses for unemployment rate to shocks in temperature and rain. Outer band: uniform 90% sup-𝑡. Inner band: uniform 68% sup-𝑡. See 

Section 5.4.

 

5.2 . Unemployment rate

Unemployment responses are smaller than those for purchases but more persistent (Fig. 5). Both the temperature-anomaly (𝑇̃ ) 

and the temperature-variability (Δ𝑇̆ ) shocks generate a two-phase pattern: an initial increase in the unemployment rate (peaking 

around 1–2 quarters ahead), followed by a deeper and more sustained negative phase whose minimum (around 8–9 quarters ahead) 

exceeds the initial peak in absolute value. The negative phase under temperature variability is the more pronounced of the two.

Rainfall-anomaly shocks are associated with predominantly negative unemployment responses across the horizon. Rainfall vari­

ability produces its largest effect on impact (a sharp positive spike), followed by a steady negative phase from around three quarters 

onward.

5.3 . House price index

Fig. 6 plots quarterly house-price growth responses. Both temperature shocks generate a two-phase pattern: an initial negative 

phase (lasting roughly one to six quarters, with troughs near −1.25 pp under 𝑇̃  and −2 pp under Δ𝑇̆ ) followed by a positive phase 

peaking around six to nine quarters ahead. The temperature-variability response is the sharper of the two and remains positive 

through the rest of the horizon.

Rainfall anomalies push house-price growth above baseline on impact (about +1.4 pp), peaking near +5 pp around four quarters 

ahead before retreating. Rainfall variability generates the largest house-price movements among the four shocks: a sharp negative 

impact effect (≈ −4 pp), a deeper trough near −7 pp around four quarters ahead, and a rebound to a positive peak of about +5 pp 

around nine quarters ahead.

5.4 . Inference

The bands plotted in Figs. 4–6 are uniform 95% sup-𝑡 bands computed on the smoothed estimates (Montiel Olea and Plagborg-

Møller, 2019). By construction these bands are wider than the pointwise intervals and they reflect joint uncertainty across all twelve 

horizons simultaneously, so an IRF segment whose band excludes zero does so with familywise rather than horizon-by-horizon 

coverage. Construction details, the Gaussian multiplier bootstrap algorithm, and a block-length sensitivity analysis are provided in 
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Fig. 6. Smoothed impulse responses for house price index to shocks in temperature and rain. Outer band: uniform 90% sup-𝑡. Inner band: uniform 68% sup-𝑡. See 

Section 5.4.

 

Supplementary Appendix B. Pointwise intervals and the unsmoothed LP responses are also reported in the supplementary material 

for comparison.

6 . Discussion

The discussion that follows interprets the dynamic patterns documented in Sections 4 and 5 through the lens of channels empha­

sised in the literature on weather, retail activity, labour markets, and housing. We do not directly identify these mechanisms; the 

regressions report reduced-form associations between weather realisations and the three economic outcomes. Channel-specific terms 

(such as “access channel”, “thermal-comfort channel”, “insurance-funded renovation”) are used as shorthand for patterns consistent 

with prior evidence rather than as a claim of mechanism identification. Heterogeneity exercises that would pin down individual 

mechanisms (such as interactions with municipality-level tourism intensity, sectoral employment shares, or flood/fire exposure) are 

left for future work.

6.1 . Weather and purchases

The literature identifies four principal channels through which weather shapes consumer spending: (i) a physical access channel, 

where adverse conditions reduce foot traffic to brick-and-mortar retailers (Martínez-de Albéniz and Belkaid, 2021; Badorf and Hoberg, 

2020); (ii) a mood channel, where sunlight and temperature shape affect and willingness to spend (Murray et al., 2010; Buchheim 

and Kolaska, 2017); (iii) a thermal comfort channel, where extremes drive shoppers into climate-controlled retail environments and 

generate a U-shape relationship between temperature and sales (Yoo et al., 2024); and (iv) a product desirability channel, where 

weather alters demand for specific goods (Bertrand et al., 2015).

The impulse responses for purchases reveal a short-run contraction in response to a temperature-anomaly shock, followed by a 

positive rebound over the medium horizon. The initial decline is consistent with the access channel, as unusually warm conditions 

discourage outdoor shopping activity (Martínez-de Albéniz and Belkaid, 2021); the subsequent recovery aligns with the thermal-

comfort and product-desirability channels, as consumers shift toward climate-controlled retail environments and increase demand 

for cooling equipment and seasonal goods (Yoo et al., 2024). Temperature variability generates the largest and most sustained 

purchase responses among the four weather dimensions. The sharp positive impact effect, followed by a brief contraction and a 

prolonged positive phase, is consistent with within-day fluctuations triggering immediate compensatory and impulsive purchases
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(Buchheim and Kolaska, 2017); the sustained positive phase that follows reflects replacement demand and adaptation investments 

(Badorf and Hoberg, 2020; Bertrand et al., 2015).

The rainfall-anomaly response is consistent with the access channel operating through intertemporal reallocation. Rain initially 

depresses purchases as adverse conditions reduce foot traffic and shopping activity; the gradual positive rebound over subsequent 

quarters reflects deferred spending being caught up rather than permanently lost (Starr-McCluer, 2000). Rainfall variability produces 

a U-shaped response with the largest impact effects among the four shocks. The positive contemporaneous surge is consistent with 

compensatory purchasing and stockpiling behaviour during intense rainfall episodes; the mid-horizon decline and subsequent recovery 

align with inventory adjustments and delayed replacement of weather-damaged goods (Starr-McCluer, 2000; Bertrand et al., 2015). 

The disruption channel is plausibly amplified by the brief, high-intensity downpours that the hourly variability measure isolates.

Two design features mitigate the concern that within-year reversals reflect residual seasonality. First, anomalies remove the 

seasonal component by construction, and NUTS-III-by-quarter fixed effects absorb region-specific seasonality. Second, conditioning 

on the Mediterranean factors attenuates contemporaneous responses but preserves the lagged precipitation-variability terms with the 

same sign pattern, indicating that the surviving lagged effects reflect Portugal-specific deviations from the broad atmospheric state.

The NUTS-II subsample analysis maps onto these channels. In Lisbon, where retail is predominantly urban and indoor, the purchase 

signals shift from variability to precipitation levels, consistent with rain differentially affecting street-facing versus mall-based stores 

(Martínez-de Albéniz and Belkaid, 2021). In the North, precipitation variability remains dominant, consistent with greater Atlantic 

exposure and dispersed retail geography. In the Algarve, the precipitation-anomaly profile reverses; rainfall reduces contemporaneous 

purchase growth, consistent with the product-desirability channel operating through tourism.

6.2 . Weather and the unemployment rate

The unemployment rate responds with smaller magnitudes than purchases but greater sign persistence. The literature identifies 

three principal channels: a labour-productivity channel, where adverse conditions reduce output per worker in outdoor, physically 

intensive occupations (Dasgupta et al., 2021; Higa, 2025); a sectoral reallocation channel, where weather contractions in exposed 

sectors release labour absorbed elsewhere (Colmer, 2021; Xie, 2024); and an event-driven disruption channel that captures acute 

episodes damaging capital and triggering recovery hiring (Gray et al., 2023).

The short-run increase observed in Fig. 5(a) aligns with the broader literature, where heat reduces labour productivity and raises 

absenteeism (Xie, 2024; Higa, 2025); however, the larger subsequent decline is consistent with Portugal’s sectoral composition, 

where services account for approximately 70 percent of total employment and agriculture for roughly 3 percent. In a tourism-intensive 

economy, warm conditions plausibly stimulate labour demand in hospitality and recreation with a lag, more than offsetting the initial 

productivity losses concentrated in the small outdoor-exposed share of the workforce (Colmer, 2021). Temperature variability traces 

a similar two-phase pattern; the initial unemployment increase is sharper but peaks earlier, and the subsequent negative phase is 

deeper and more sustained, consistent with within-day fluctuations initially disrupting activity before services-sector demand absorbs 

the displaced labour.

Rainfall anomalies are associated with a predominantly negative unemployment response over the horizon. The pattern is consis­

tent with the demand-stimulus channel dominating the disruption channel in an economy where construction accounts for roughly 7 

percent of employment; wetter conditions may support indoor services and retail activity rather than acting primarily as an impedi­

ment to outdoor work (Gray et al., 2023). Rainfall variability, by contrast, produces a sharp initial increase in unemployment followed 

by a sustained negative response for the remainder of the horizon. The initial spike is consistent with intense rainfall episodes acutely 

disrupting outdoor activity, while the prolonged negative phase points toward recovery hiring and post-disruption demand.

Fire-risk variables do not enter significantly at the national level; their effects are concentrated in the Algarve subsample, where 

tourism dependence amplifies the event-driven disruption channel. Overall, the unemployment responses suggest that Portugal’s 

services-dominated economy partially absorbs the productivity losses documented in more agriculture-dependent settings, with the 

correction phase of the temperature response and the sustained negative rainfall effects pointing toward a demand-stimulus offset 

operating through tourism and indoor services (Colmer, 2021; Gray et al., 2023).

6.3 . Weather and house prices

The house price index serves a dual role: it is an outcome in its own right and also proxies local demand pressure, wealth and 

collateral effects, and cost-of-living conditions not captured by sub-national CPI. The literature invokes two mechanism sets. Transitory 

search and transaction frictions arise when weather alters search intensity, curb appeal, and bargaining position, generating short-run 

effects unrelated to fundamental value (Gourley, 2021; Livy, 2020). Demand fundamentals operate via labour income, employment, 

and risk perceptions (Chen et al., 2025; Spencer, 2023); Chen et al. (2025) argue the net effect of heat depends on the balance of 

secondary-sector losses and tertiary-sector gains, connecting house-price dynamics to the unemployment results above.

The temperature-anomaly response is initially negative before turning positive at longer horizons, mirroring the timing of the 

unemployment correction documented in Section 6.2. The short-run decline is consistent with the search-friction channel, as extreme 

conditions deter transactions and reduce curb appeal (Gourley, 2021); the subsequent positive phase aligns with the demand-

fundamental channel, as tourism-driven employment gains feed through to housing demand (Chen et al., 2025). Temperature 

variability follows a similar two-phase pattern; a sharp initial contraction gives way to a sustained positive response, consistent 

with within-day fluctuations initially disrupting search activity before demand fundamentals dominate at longer horizons (Livy, 

2020; Badorf and Hoberg, 2020).
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The rainfall-anomaly response is positive over the first half of the horizon before turning negative, a pattern distinct from the 

search-friction prediction that rain depresses prices through reduced foot traffic. In a fire-prone economy, wetter conditions plausibly 

reduce perceived wildfire risk and support environmental amenity; the positive phase also coincides with the gradual recovery in 

purchase growth (Section 6.1), suggesting an indirect demand-fundamental channel. Rainfall variability generates the largest house-

price movements among the four shocks. The deep initial contraction is consistent with intense downpours signalling flood and 

damage risk, depressing valuations through the risk-perception channel (Beltrán et al., 2018); the subsequent rebound is consistent 

with post-event recovery dynamics, in which reconstruction activity and insurance-funded renovation are documented to support 

prices (Beltrán et al., 2019); we do not test this channel directly.

Read as a proxy for local demand pressure, the house-price results align with the patterns documented above. The differentiated 

sign patterns across the three outcomes provide indirect support for the identification strategy, since residual seasonality or model 

misspecification would more likely produce uniform signs.

7 . Conclusion

This study investigates the regional impacts of weather shocks on local economic activity in Portugal using a panel vector autore­

gressive framework and panel local projections. With quarterly data from 2010 to 2021, we compute impulse response functions to 

analyze the effects of temperature, wildfire risk, and precipitation volatility on point-of-sale purchases, unemployment, and housing 

prices.

Our central finding is that hourly precipitation volatility (𝑚𝑚ℎ𝑜𝑢𝑟−1) yields semi-elasticities for purchases an order of magnitude 

larger, with opposing signs, than the conventional daily measure (𝑚𝑚𝑑𝑎𝑦−1), suggesting that the existing literature systematically 

understates the economic significance of high-intensity rainfall. For purchases, our primary outcome, variability shocks generate 

the largest responses; both temperature and rainfall variability are associated with sharp positive impact effects that subsequently 

reverse, consistent with compensatory purchasing and intertemporal reallocation. Anomaly shocks are smaller but display clear 

dynamic adjustment; temperature and rainfall anomalies initially depress purchases before a gradual positive rebound over subsequent 

quarters. For unemployment, the temperature response initially aligns with the broader finding that heat raises unemployment through 

productivity losses, but a subsequent correction that exceeds the initial increase is consistent with tourism-driven labour demand 

in a services-dominated economy; rainfall anomalies are associated with predominantly negative unemployment responses over the 

horizon. House prices display broadly consistent dynamics, with rainfall variability generating the largest movements and temperature 

responses mirroring the timing of the unemployment correction.

Results are stable to alternate specifications: adding household disposable income leaves contemporaneous weather semi-

elasticities essentially unchanged; quadratic and cubic terms reveal thresholds without overturning main effects; including the 

Mediterranean factor attenuates some domestic precipitation coefficients without altering central conclusions. Defining volatility 

hourly rather than daily captures the short, intense events that drive the largest spending responses, exposing a methodological gap: 

𝑚𝑚𝑑𝑎𝑦−1 measures understate the economic significance of extreme precipitation. Replacing continuous indices with event counts 

mainly attenuates magnitudes, not signs.

This paper extends the literature on weather and consumer spending (Starr-McCluer, 2000; Rose and Dolega, 2021; Martínez-de 

Albéniz and Belkaid, 2021) to a European setting with sub-annual point-of-sale data, complements macro evidence on temperature and 

GDP (Dell et al., 2012; Burke et al., 2015) by documenting the local-transaction-activity channel, and adds to evidence on weather 

and unemployment in service-oriented economies (Colmer, 2021; Gray et al., 2023) by showing that the initial productivity-loss 

channel operates as documented elsewhere but is more than offset at longer horizons by services-sector demand in tourism-intensive 

Portugal. To our knowledge, the house-price results provide the first sub-national European evidence linking weather shocks to 

housing valuations, complementing US work (Chen et al., 2025; Spencer, 2023).

Our results echo Kotz et al. (2022) and Waidelich et al. (2024) on adverse effects of rainfall variability, with the additional nuance 

that temporal resolution matters: hourly volatility yields semi-elasticities an order of magnitude larger than daily, suggesting that 

the existing literature, which predominantly relies on daily aggregates, systematically understates the importance of high-intensity 

events that climate projections indicate will become more frequent (Lima et al., 2023).

We acknowledge a few limitations. First, our quarterly frequency may obscure finer dynamics. Second, because our measure of 

purchases is not disaggregated, we cannot examine which types of sales are affected, limiting our ability to provide a more detailed 

account of how transaction patterns respond. Third, the 2010–2021 window may miss longer-term trends. Finally, omitting wind 

data limits identification of cyclone and convective-storm channels relevant for Portugal.
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