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This paper quantifies the short-run economic impact of 
21 Atlantic hurricanes on U.S. local business activity from 
2017 to 2024 using anonymized Mastercard transaction 
data aggregated by ZIP code. On average, hurricanes 
reduce merchant sales by 12.4 percent during the prepara-
tion, impact, and recovery phases—an estimated US$1.38 
billion in lost revenue per storm. Substitution in spending 

across nearby areas or large online platforms is limited, indi-
cating widespread local consumption declines. Economic 
disruption varies more by industry than storm intensity, 
with independent stores hit harder than chains. Local busi-
nesses with larger online presence face smaller, shorter sales 
declines, showing greater resilience.

This paper is a product of the Development Research Group, Development Economics. It is part of a larger effort by the 
World Bank to provide open access to its research and make a contribution to development policy discussions around the 
world. Policy Research Working Papers are also posted on the Web at http://www.worldbank.org/prwp. The authors may 
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1. Introduction 

Extreme weather events have increased in frequency and severity in recent years, placing 

about 1.2 billion people at high risk from weather-related hazards (World Bank, 2024). While 

the long-term macroeconomic consequences remain uncertain, recent research points to 

significant economic risks. Empirical studies consistently find that rising temperatures reduce 

aggregate productivity, particularly in lower-income countries, where weather vulnerability is 

often the greatest (Dell, Jones, and Olken 2012; Burke, Hsiang, and Miguel 2015; Diffenbaugh 

and Burke 2019; Kahn et al., 2021). Beyond gradual warming, sudden-onset extreme weather 

events such as hurricanes impose acute and localized economic costs. Severe storms can 

destroy physical capital and infrastructure, disrupt labor markets and supply chains, and reduce 

output. Research has documented a wide range of economic impacts, including income losses, 

contractions in regional economic activity, and disruptions to credit access and household 

consumption (Strobl 2011, 2012; Hsiang and Jina 2014; Boustan et al. 2020). 

At the microeconomic level, weather-related risks place significant financial strain on 

both households and firms. Households experience sharp declines in spending following 

extreme weather shocks (Bui et al. 2014; Gallagher and Hartley 2017; Deryugina, Kawano, and 

Levitt 2018), with disproportionately large impacts on lower-income households (Sawada and 

Shimizutani 2008; van den Berg 2010). Elevated temperatures have also been shown to reduce 

labor productivity  (Hugon and Law 2018; Cevik and Miryugin 2023) and exacerbate financing 

constraints, particularly for vulnerable firms (Kling et al. 2021; Cevik and Miryugin 2023). 

Businesses often face significant operational disruptions, including lost sales (Aladangady et al. 

2016; Beatty, Shimshack, and Volpe 2019; Agarwal, Ghosh, and Zheng 2024), and rising loan 

delinquencies and tighter credit conditions, particularly among small and financially 

constrained firms (Basker and Miranda 2018; Collier et al. 2019; Baltas, Fiordelisi, and Mare 

2021).  

Despite this growing literature, relatively little is known about how localized business 

activity responds to hurricanes—one of the most destructive and increasingly frequent types of 

extreme weather—especially across different industries. This paper addresses that gap by using 

anonymized high-frequency credit and debit card transaction data from Mastercard,1 aggregated 

to the ZIP code-level, combined with detailed hurricane exposure records to estimate the causal 

impact of hurricanes on local economic activity in the U.S. We examine 7,987 ZIP codes 

 
1 Mastercard has provided the International Bank for Reconstruction and Development/World Bank with controlled access to insights based on 
Mastercard’s anonymized and aggregated data, subject to strict privacy and confidentiality safeguards, for academic research purposes only. 
Mastercard does not collect personally identifying information about cardholders or information about the individual items purchased as part of 
normal payment processing activities. The proprietary Mastercard data has been handled only by Mastercard and is in no way representative of 
the operational or financial performance of Mastercard or any other entity such as a payment card issuer or merchant.  
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affected by hurricanes between 2017 and 2024, offering a uniquely granular view of real-time 

economic responses to weather-related shocks. 

This study makes three main contributions to the economics literature. First, we provide 

new high-frequency evidence on the short-run economic costs of hurricanes, which captures 

daily sales activity across both physical and online sales channels, including small independent 

retailers, large chain stores, and online e-commerce marketplaces. This approach offers a more 

granular view of economic disruption than earlier research that relied on aggregated 

macroeconomic indicators or infrequent household surveys.  

Second, we analyze sales at local merchants (in-store and online), as well as total 

spending by local consumers at local and nearby business locations and online marketplaces 

during a defined time period. This allows us to test for substitutions in spending across 

geographic locations and sales channels. We find little evidence of such substitution: spending 

at major online retailers and in adjacent ZIP codes also declines, and reduced ATM cash 

withdrawals suggests that lower card spending reflects an overall contraction in consumption, 

rather than a shift in payment methods. 

Third, we use a stacked difference-in-differences design to estimate the dynamic impacts 

of 21 hurricanes—ranging from Category 1 to 5—and quantify the changes in business 

performance during the hurricane’s preparation, impact, and recovery periods. We find 

significant short-term revenue losses, equivalent to approximately two days of typical sales, 

that generally recover to pre-hurricane baseline levels within 10 days. Importantly, these losses 

occur across all hurricane intensities, indicating that even lower-category storms can cause 

meaningful economic disruption, challenging conventional policy frameworks that prioritize 

disaster relief for only the most severe storms.  

Our results reveal that variation in the economic impact of hurricanes is more pronounced 

across industries than across storm categories or firm types. Hotels and gas stations often 

demonstrate more resilience and, in some cases, temporary boosts in demand. Gas stations 

likely benefit from the increase in sales as people prepare for potential evacuations. For hotels, 

this may reflect a complex interplay of canceled reservations and increased demand from 

displaced residents or emergency workers. In comparison, restaurants, retail, and home 

improvement stores experience the most severe and prolonged effects. These industries often 

experience anticipatory store closures, temporary power outages, inventory spoilage, or supply-

chain disruptions. Firms with a larger share of online sales experience smaller disruptions 

overall, suggesting that online digital sales channels can help buffer the effects of mobility-

restricting events. Differences between independent and chain-affiliated firms appear to reflect 

industry characteristics more than organizational structure. 
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Overall, our findings contribute to a deeper understanding of the localized and industry-

specific impacts of extreme weather events. By leveraging high-frequency transaction-level 

data, we shed new light on the short-run dynamics of economic disruption and recovery. From 

a policy perspective, these results suggest the need for disaster response strategies that go 

beyond categorical storm thresholds and instead consider the actual economic effects on 

communities and businesses on the ground. 

The remainder of the paper is structured as follows: Section I describes the data and 

empirical methods; Section II presents the main findings; and Section III concludes. 

I. Data and Methodology 

A. Data 

Our primary dataset comprises anonymized, high-frequency transaction data from the 

Mastercard network, aggregated at the ZIP code level based on merchant location and on a 

daily basis. We use this data to analyze business activities in areas affected by Atlantic 

hurricanes across the continental U.S. during the 2017-2024 seasons. The dataset includes both 

the number and total volume of transactions, covering in-store and online purchases. Merchants 

are classified into various industries based on their Merchant Category Code (MCC) and further 

categorized as independent or chain stores based on the number of physical outlets.  

The data is complemented with anonymized and aggregated daily ZIP code-level 

consumer spending.  In addition to local spending, we also measure the spending by the cohort 

of impacted consumers in nearby unaffected areas (i.e., 0-100 km outside the affected zone) 

and on online marketplaces.  

We merge ZIP code–level data from the U.S. Census Bureau into our dataset to examine 

the heterogeneous effects of spatial characteristics, including the age dependency ratio, the 

share of the population over age 25 with more than a high school education, average household 

income, and population density.2 

 Our analysis covers 21 Atlantic hurricanes that made a landfall in the continental U.S. 

between 2017 and 2024, with a minimum landfall intensity of Category 1. Details on the 

hurricane intensity, landfall location and date, and the issuance date of hurricane watches are 

provided in Table A1. The boundaries of the affected areas, shown in Figure 1(a), are identified 

using data from the NOAA National Hurricane Center GIS Archive.3  

 
2 The U.S. Census Bureau’s data is available at: data.census.gov. 
3 Data is available at: https://www.nhc.noaa.gov/gis/archive_besttrack.php. 
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Our baseline sample consists of 7,987 ZIP codes, with an average daily transaction 

volume of 158,820 USD (in current dollars) made over 3,461 daily transactions. To mitigate 

data anomalies, we winsorize the data at the 5% level. Summary statistics are presented by 

hurricane in Table A2. 

B. Empirical Method 

Short-term effects: We analyze the effect of hurricanes on local business activity using a 

stacked difference-in-differences regression approach. For each hurricane event, ZIP codes 

located within the affected zone are designated as the treatment group. The control group 

consists of ZIP codes impacted by other hurricanes during the study period.  

To minimize potential spillover effects, we exclude ZIP codes within 50 km of the outer 

boundary of each hurricane’s path. Figure 1(b) illustrates the treatment and control zones using 

Hurricane Harvey as an example. To assess the extent of spillovers, we empirically examine the 

effect of hurricanes on merchant-side transaction volumes by distance from the impacted areas. 

As shown in Figure A1, we find evidence of small but statistically significant spillover effects 

within the 0–50 km range. Accordingly, we exclude ZIP codes within this buffer zone from the 

control group. 

We define the event window as the 7 days preceding a hurricane's impact in a ZIP code, 

to the 10 days following impact. This relatively short window helps minimizes confounding 

from unrelated events that could differentially affect treatment and control groups. Annex A 

provides a visual summary showing a timeline of the event window structure. The “Pre-

preparation” period spans days t-7 to t-6. To more precisely estimate the impact of hurricanes 

across distinct phases, we identify three stages: The “Preparation” period from t-5 to t-2 

captures anticipatory responses to warnings and early weather effects. The “Impact” period 

covers t-1 to t+2, encompassing the immediate disruption of the hurricane landfall. Finally, the 

“Recovery” period extends from t+3 to t+10, capturing the initial rebound in activity. We also 

aggregate the preparation, impact, and recovery phases as the “Overall hurricane impact” 

period extending from t-5 to t+10. 

To evaluate the average impact of hurricanes on business activity, we estimate the 

following equation: 

(1) 𝑌𝑌𝑖𝑖ℎ𝑡𝑡 = 𝛽𝛽1Pre − preparationℎ𝑡𝑡  × Treated𝑖𝑖𝑖𝑖 +  𝛽𝛽2Overall hurrince impactℎ𝑡𝑡 ×

Treated𝑖𝑖𝑖𝑖 + 𝛼𝛼𝑖𝑖ℎ + γℎ𝑡𝑡 + 𝜖𝜖𝑖𝑖ℎ𝑡𝑡 
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where 𝑌𝑌𝑖𝑖ℎ𝑡𝑡 represents the outcome variable, such as daily transaction volumes or the number of 

transactions, for ZIP code i on event day t during hurricane h. The dependent variable is 

transformed using the natural logarithm of its value plus one.4 Pre − preparationℎ𝑡𝑡 is an 

indicator variable that equals one for the two days preceding the preparation period (and zero 

otherwise), while Overall hurricane impactℎ𝑡𝑡 takes the value of one on and after the start of 

preparation period (and zero otherwise). Treated𝑖𝑖𝑖𝑖 is a variable that equals one if the ZIP code i 

is affected by hurricane h (and zero otherwise). 𝛼𝛼𝑖𝑖ℎ represents hurricane-by-ZIP-code fixed 

effect, and γℎ𝑡𝑡 captures hurricane-by-event-day fixed effect. The error term is denoted by 𝜖𝜖𝑖𝑖ℎ𝑡𝑡. 

The coefficient 𝛽𝛽1 measures the difference in the outcome variable between treatment and 

control ZIP codes prior to the start of hurricane preparation. For the difference-in-differences 

design to be valid, 𝛽𝛽1 should be statistically and economically indistinguishable from zero, 

indicating parallel pre-trends. The coefficient 𝛽𝛽2 estimates the average effect of hurricanes 

during and after the preparation period, capturing pre-impact activity, the day of local impact 

and peak disruption, and the immediate aftermath. 

To more precisely identify the impact of hurricanes across distinct phases, we divide the 

hurricane period into three stages: preparation (2 to 5 days before local impact),5 impact (1 

day before to 2 days after local impact), and recovery (through one week following the impact 

period). These cutoff points are empirically determined using a structural break test (Piehl et al. 

2003). We estimate the following equation: 

 
(2)  𝑌𝑌𝑖𝑖ℎ𝑡𝑡 = 𝛽𝛽1Pre − preperationℎ𝑡𝑡  × Treated𝑖𝑖𝑖𝑖 +  𝛽𝛽2Preparationℎ𝑡𝑡 × Treated𝑖𝑖𝑖𝑖 +

β3Impactℎ𝑡𝑡 × Treated𝑖𝑖𝑖𝑖 + β4Recoveryℎ𝑡𝑡 × Treated𝑖𝑖𝑖𝑖 + 𝛼𝛼𝑖𝑖ℎ + 𝛼𝛼𝑖𝑖ℎ + γℎ𝑡𝑡 + 𝜖𝜖𝑖𝑖ℎ𝑡𝑡 

 
The coefficient 𝛽𝛽2 represents the average change in daily transactions associated with the 

preparation phase (i.e. anticipatory behavior), 𝛽𝛽3 captures the average daily impact during the 

hurricane itself, and 𝛽𝛽4 measures the residual effects in the post-impact recovery period.  

 

We also conduct an event study analysis to capture the dynamic daily impact of 

hurricanes using the following equation: 

(3)  𝑌𝑌𝑖𝑖ℎ𝑡𝑡 = ∑ 𝛽𝛽𝜏𝜏(1|t = τ) × Treated𝑖𝑖𝑖𝑖10
𝜏𝜏=−7 + 𝛼𝛼𝑖𝑖ℎ + 𝛾𝛾ℎ𝑡𝑡 + 𝜖𝜖𝑖𝑖ℎ𝑡𝑡 

 
4 We acknowledge the potential issues associated with the log-like transformation of the outcome variable. This transformation was chosen to 

allow easy comparison of effect sizes across industries, merchant types, and sale channels. The limitation of this approach is more prominent in 
cases where there are many near 0 values in the outcome variable. In our case, however, sales are aggregated at the ZIP code-level, hence instances 
of zero sales are limited. Nonetheless, zero sales convey important information, and excluding these observations would bias our results. We 
conduct robustness checks by rescaling outcome variables to test the sensitivity to units and by estimating the model using levels without 
transformation.   

5 In the baseline analysis, we use a uniform cutoff (2–5 days before the onset of impact), although the actual issuance of hurricane warnings 
may vary by 1–2 days. As a robustness check, we also use the actual warning dates, as shown in Table A3 Column (3).  
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where a set of event time dummies (indexed by τ) are interacted with a treatment indicator. 

This allows us to estimate the difference in outcome variables between treatment and control 

ZIP codes relative to a pre-hurricane baseline.  

We estimate these models across multiple dimensions—including industry, firm size, 

transaction mode, and hurricane intensity—to identify heterogeneous effects of hurricanes on 

business activity.  

Long term effects: While our primary event window covers the 10 days before and after 

local-impact, hurricane effects may extend well beyond this short-term period. To examine 

potential longer-term consequences, we extend the analysis to a three-month post-hurricane 

window using weekly-level data. In addition to impacting transaction patterns at the intensive 

margin, hurricanes may also affect local business activity at the extensive margin, including 

permanent or temporary firm closures. We analyze the long-term effects of hurricanes on local 

business activity using the following specification:  

(4)  𝑌𝑌𝑖𝑖ℎ𝑡𝑡 = ∑ 𝛽𝛽𝑤𝑤(1|t = w) × Treated𝑖𝑖𝑖𝑖11
𝑤𝑤=−3 + 𝛼𝛼𝑖𝑖ℎ + 𝛾𝛾ℎ𝑡𝑡 + 𝜖𝜖𝑖𝑖ℎ𝑡𝑡 

 
where the outcome variables include total weekly spending and the total number of active firms 

in ZIP code i during week t of hurricane h.  

II. Results 

A. Direct Impact on Merchant Sales 

Our baseline results show a significant reduction in local economic activity in response to 

hurricanes. On average, daily transaction volumes in affected ZIP codes decline by 12.41% 

from five days before local impact, when most preparations begin, to ten days after (Table 1 

Column (1) Panel A). This decrease is equivalent to approximately two days' worth of sales—

likely more than USD 315,000 per ZIP code.6 Accounting for other modes of spending, we 

estimate the potential economy-wide impact could be at least USD 1.25 billion per hurricane 

event. Including spillover losses in ZIP codes within a 0–50 km radius of the affected area 

increases the estimated sales loss to USD 1.38 billion.7 

There is no statistically significant difference in the daily transaction volumes between 

affected and control ZIP codes during the pre-hurricane period (six to seven days before local-

 
6 This is based on 12.41% reduction in daily transactions over a 16-day period. We simply multiply this with the average daily transaction 

volume per ZIP code and the average number of ZIP codes affected per hurricane.  
7 This is based on 2% reduction in daily transactions per ZIP code over a 16-day period.  
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impact), supporting the parallel trends assumption in our difference-in-differences research 

design. As shown in Table 1 Column (1) Panel B and Figure 2(a), we detect a modest increase 

in sales during the preparation phase—daily transaction volumes increase by an average of 

3.3%, although this increase is statistically significant only two to three days before local-

impact. The biggest decline occurs during the hurricane, with average daily sales falling by 

39.33%. Sales quickly recover to pre-hurricane levels within a week, returning to baseline 

approximately 10 days after local-impact. During the recovery period, daily sales remain 7.59% 

below pre-hurricane levels on average.  

The estimates are comparable to baseline results when we use the number of transactions 

as the outcome variable (Table 1 Column (2)) and to additional robustness checks, shown in 

Table A3: (1) using alternative forms of outcome measures such as level and log transformation 

of rescaled transaction volume (Columns (1) and (2) varying treatment start dates by assigning 

the first day of landfall as the treatment date for all areas affected by a specific hurricane 

(Column (3)); (2) redefining the control group to include ZIP codes within the 50 km buffer 

zone and redefining the buffer zone to include ZIP codes within 100 km from the outer 

boundary of the affected area (Columns (4) and (5)); and (3) restricting the treated sample to 

areas impacted on Day 1 to improve comparability and isolate the hurricane’s immediate 

effects (Column (6)). As expected, we find smaller effects when conditioning on firms that 

have any sales (Table A3 Column (7)).  

Our results suggest that there is no evidence of “making up” for lost sales within the  

window around the hurricane. While sales decline during the event, they only return to pre-

hurricane levels, rather than exceeding them to compensate for earlier losses. To assess whether 

hurricane impacts persist beyond the immediate aftermath, we extend the event window to three 

months post-impact. Figure A2 shows that both weekly sales volumes (Panel (a)) and the 

number of active merchants (Panel (b)) return to pre-hurricane baselines by the third week 

following local impact, indicating that most effects are short-term.  

B. Substitution in Consumer Spending 

A natural question in evaluating the economic impact of hurricanes is whether observed 

declines in local merchant sales reflect true losses in economic activity or simply a shift in 

where and how consumers spend. It is possible that in response to local disruptions, consumers 

substitute their spending to nearby unaffected areas, switch to online platforms, or increase 

their use of cash. If such substitution occurs, the economic effects on aggregate consumption 

may be smaller than merchant-side losses suggest. 
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We use aggregated and anonymized card transaction data at the ZIP code-level to estimate 

a modified version of equation (1). Table 1 Panel A shows that residents in affected areas 

reduce their average daily spending by 5.1% (Column (3)). This decline includes a 5.51% drop 

in spending in nearby areas within a 100 km radius of the affected zone (Column (4)) and a 

4.49% decline in spending on major online platforms (Column (5)). Table 1 Panel B and Figure 

A3 present the results by hurricane stage and from an event study, respectively. These patterns 

indicate limited substitutions to nearby or online channels. Importantly, we find no evidence of 

a shift from card to cash payments, as daily ATM cash withdrawals at ATMs fell by over 10% 

(Column (6)).  

These patterns suggest limited substitutions to nearby or online merchants. The muted 

consumer-side response, compared to the sharper merchant-side losses, suggests that the 

decline in sales is likely to include a reallocation of local spending by residents, in addition to 

reduced demand from non-local consumers, including tourists. While residents might increase 

their spending somewhere outside the affected region, the local economic impact remains 

substantial and permanent.  

C. Heterogeneous Effects 

Hurricane intensity: Hurricane intensity is often used to proxy for the expected scale of 

economic disruption, with high-intensity storms (Categories 3, 4 and 5) presumed to cause 

more severe and lasting damage than lower-intensity storms (Categories 1 and 2). Our results 

complicate this narrative. As shown in Table A4, while high-intensity storms lead to steeper 

immediate declines in merchant sales, -44.8% versus -30.7% during the impact period, the 

overall economic loss over the aggregate event window is statistically similar. On average, 

daily sales fall by 13.8% after high-intensity storms, compared to 10.3% following low-

intensity storms, a statistically insignificant difference (p = 0.32). 

Furthermore, Figure 2(b) shows similar recovery trajectories for both storm categories. 

Interestingly, high-intensity hurricanes also drive a significantly larger increase in spending 

during the preparation period, especially two to three days before local impact. This surge 

likely reflects higher consumer preparation and stockpiling for the storm. The temporal shift in 

early spending partially offsets the subsequent losses incurred during the peak impact period, 

thereby reducing the overall net decline in sales over the full event period.  

These findings underscore the limitations of relying solely on storm intensity thresholds 

to determine the trigger and scope of disaster response. While high-category storms might 

require urgent interventions, lower-intensity hurricanes can also generate substantial and 
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prolonged business disruptions. Our results suggest that effective policy responses should be 

based on observed economic impacts rather than physical storm metrics alone. 

Industry and merchant type: There is substantial heterogeneity in the impact of hurricanes 

across industries. Table A5 shows the estimated average effects by industry. The event study 

estimates in Figure 3 show distinct temporal patterns. Several sectors, such as groceries and 

fuel, exhibit spending increases during the preparation period, likely driven by consumer 

stockpiling. Across all sectors, the sharpest declines occur during the impact window. However, 

recovery trajectories vary as essential sectors rebound quickly, whereas discretionary sectors, 

such as restaurants and retail, lag and may not return to baseline even ten days post-impact. 

Interestingly, we find no net effect of hurricanes on hotel payments. This could indicate a 

combination of lost bookings due to cancellations and losses offset by heightened demand from 

displaced residents or emergency personnel. 

The composition of merchant types varies across industries, potentially affecting their 

vulnerability to disruptions and consumer behavioral responses to hurricane warnings. Table A6 

reports the distribution of sales and store counts for chain and independent stores by industry. 

We focus on grocery stores, home improvement stores, retail stores, and restaurants & bars, 

where merchant types can be clearly classified.8 Table A7 and Figure A4 show the effects of 

hurricanes by industry and merchant type. In the home improvement sector, independent 

merchants experience notably steeper declines, suggesting greater vulnerability. In contrast, 

differences between chain and independent stores are relatively small in grocery, retail, and 

restaurant sectors. The results also reveal differences in the timing of sales adjustments. Chain 

stores in the grocery and retail sectors show a notable increase in sales during the preparation 

period (days -5 to -2), indicating possible customer stockpiling behavior, which is less 

pronounced at independent stores. During the impact period (days -1 to 2), sales drop sharply 

across all merchant types, but the decline is especially large for independent home improvement 

stores. Recovery patterns also vary, with independent stores generally showing slower rebounds 

than chains, particularly in the grocery and restaurant sectors. These patterns persist when we 

restrict the sample to ZIP codes that include both chain and independent stores (Table A8).  

Online versus offline sales: Although we find no strong evidence that affected customers 

shift to large online marketplaces, having an online sales channel appears to help mitigate 

hurricane-related disruptions. Figure 4 illustrates the relationship between the share of online 

transactions and the magnitude of hurricane-induced sales declines. There is a modest downward 

 
8 For grocery stores, home improvement stores, retail stores, and restaurants & bars, the distinction between chain and independent merchants 

is consistently identifiable based on store branding and network affiliation. In contrast, for categories such as hotels and gas stations, merchant 
type classification is less reliable due to franchise models or naming inconsistencies that blur the line between chain and independent ownership. 
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trend in the severity of sales losses as the share of online spending increases from below 20% to 

60%–80%, suggesting that greater digital adoption may offer some resilience. However, the 

reduction in losses becomes substantial only among merchants with more than 80% of 

transactions online, indicating that a high threshold of online presence may be needed to 

meaningfully buffer against disruptions.   

Online presence also differs by industry (Table A9). We focus on retail stores, grocery 

stores, and home improvement stores, where the distinction between online and offline sales is 

both observable and meaningful for interpreting consumer behavior.9 Table A10 shows that, on 

average, online sales decline by 10.6%, compared to a 15.1% drop in offline sales, a statistically 

significant difference at the 10% level (Columns (1) - (2)). In industries with a strong online 

presence, such as retail and grocery (Columns (3) - (6)), offline sales losses are more than twice 

as large as those for online transactions. This gap is driven primarily by slower recovery in offline 

sales, while online sales return more quickly to pre-hurricane levels. In the home improvement 

sector (Columns (7) – (8)), offline losses are about 60% higher than online losses, though both 

channels show substantial declines. These patterns highlight the potential of e-commerce to 

buffer physical retail against disruptions in disaster-prone areas. 

ZIP code-level demographics: We merge U.S. Census Bureau Data to examine 

differential hurricane effects across ZIP codes with varying spatial characteristics. As illustrated 

in Figure A4, ZIP codes with higher age dependency ratios—defined as areas with a higher 

share of people considered too young or too old to work, relative to the working-age 

population— or greater educational attainment, experience larger relative declines in sales, 

potentially reflecting more cautious behavioral responses in these communities. 

Contrary to expectations, we find no significant variation in effects by income level, 

suggesting that hurricanes constrain commercial activity across the socioeconomic spectrum. 

However, the largest percentage declines occur in sparsely populated areas, which may indicate 

either greater economic fragility or a lack of substitution options and diversified commerce in 

these communities. 

Together, these results highlight that while demographic characteristics do modulate 

economic vulnerability to hurricanes, physical and structural factors often exert a stronger 

influence on local business performance and recovery. 

 
9 We exclude hotels and gas stations because, despite some transactions being initiated online, the actual consumption must occur offline, 

limiting the relevance of online transaction share for resilience to disruption. Similarly, for restaurants and bars, the classification of online versus 
offline sales is often ambiguous due to third-party platforms and delivery services, making it difficult to capture the original merchant selling the 
product accurately. 
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III. Conclusion 

This study quantifies the short-term economic impacts of hurricanes on local business 

activity in the United States using anonymized high-frequency transaction data aggregated at 

the ZIP code level. We find that hurricanes reduce merchant sales by an average of 12.4% over 

the event window, equivalent to two days’ worth of lost revenue, or more than $1.38 billion in 

estimated economy-wide losses per storm. The sharpest decline occurs during the hurricane 

itself, followed by a quick recovery within approximately 10 days. While pre-storm preparation 

leads to modest increases in sales, overall substitutions, whether to nearby ZIP codes, online 

platforms, or cash transactions, remain limited. 

Interestingly, the decline in consumer spending is smaller than the drop in merchant sales, 

suggesting that lost revenue might be driven in part by local residents shopping in other areas, 

or reduced demand from non-local customers, such as tourists. We observe significant 

heterogeneity in sales impacts across industries, online presence, and local demographics. 

Industries that depend on in-person interactions—such as restaurants, retail, and home 

improvement—experience the most severe and prolonged sales decline, while merchants with a 

stronger online sales presence tend to be more resilient. Differences between chain stores and 

independent stores are inconsistent and appear to depend on sector-specific dynamics rather 

than firm structure alone. 

Furthermore, the difference in outcomes across storm intensities is smaller than 

commonly assumed. This challenges the prevailing view that only high-category storms 

warrant policy attention. Even lower-intensity hurricanes can lead to significant and persistent 

business disruptions.  

These findings have important implications for disaster preparedness and recovery 

policies. Relief efforts should not rely solely on storm intensity thresholds, but instead prioritize 

support based on observed economic disruption. Particular attention should be given to service 

industries, which are especially vulnerable to sudden demand shocks and operational 

challenges. At the same time, our results suggest that digital online sales can buffer firms 

against adverse shocks, pointing to the potential of policies that encourage online readiness and 

e-commerce adoption as resilience strategies. 

While merchant type alone may not explain variation in sales losses, small 

businesses/independent stores are often more vulnerable to consumer choices and less equipped 

to withstand temporary revenue shocks. By aligning policy with the actual economic 

consequences of extreme weather events, recovery efforts can be made more commensurate 

and effective. 
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Table 1: Impact of Hurricanes on Business Activities  
 (1) (2)  (3) (4) (5) (6) 
 Merchant Sales  Consumer Spending 

Dependent Variable:  Transaction 
volume 

No. of 
transaction  Overall 

spending  
0-100km outside 
affected zone  

Online 
marketplace  ATM withdraw 

Panel A: Overall effect        
Pre-preparation (-7, -6) -0.0037 -0.0095  -0.0028 -0.0027 -0.0023 -0.0067 
 (0.0207) (0.0188)  (0.0089) (0.0103) (0.0124) (0.0246) 
Overall hurricane impact (-5 to 10) -0.1241*** -0.1138***  -0.0510*** -0.0551*** -0.0449*** -0.0888*** 
 (0.0182) (0.0162)  (0.0095) (0.0114) (0.0116) (0.0224) 
Panel B: Effect by stage        
Pre-preparation (-7, -6) -0.0031 -0.0031  -0.0003 0.0016 -0.0002 -0.0050 
 (0.0202) (0.0183)  (0.0087) (0.0100) (0.0123) (0.0247) 
Preparation (-5, -4, -3, -2) 0.0320 0.0306.  0.0225* 0.0356** 0.0120 -0.0489* 
 (0.0188) (0.0176)  (0.0112) (0.0132) (0.0139) (0.0253) 
Impact (-1, 0, 1, 2) -0.3933*** -0.3473***  -0.1861*** -0.2206*** -0.1530*** -0.1870*** 
 (0.0403) (0.0355)  (0.0209) (0.0261) (0.0185) (0.0324) 
Recovery (3 to 10) -0.0759*** -0.0772***  -0.0239** -0.0223** -0.0221** -0.0619** 
 (0.0129) (0.0117)  (0.0073) (0.0080) (0.0112) (0.0224) 
Event-by-ZIP code fixed effects Yes Yes  Yes Yes Yes Yes 
Date fixed effects Yes Yes  Yes Yes Yes Yes 
Observations 3,458,861 3,458,778  2,993,606 2,843,889 2,988,221 2,984,814 

Notes: The table presents the estimated effects of hurricanes on business activity (Columns (1) and (2)) and on consumer spending (Columns (3) to (6)) 
in affected ZIP codes, relative to hurricane-prone but non-affected counterparts. The dependent variable in Column (1) is the daily transaction volume, 
and in Column (2), the total number of daily transactions. From the consumer perspective, Column (3) measures overall spending; Column (4), spending 
in areas 0–100 km outside the affected zone; Column (5), spending on online marketplaces; and Column (6), cash withdrawals from ATMs. All 
dependent variables are transformed using the natural logarithm of the value plus one. The Pre-preparation is defined as six to seven days before the 
arrival of impact, while the Overall hurricane impact period spans from 5 days before to 10 days after the arrival of impact. The Overall hurricane 
impact period is further divided into three stages: Preparation (two to five days before the arrival of impact), Impact (one day before to two days after 
the arrival of impact), and Recovery (one week after the impact period). All models include event-by-ZIP code fixed effects and transaction date fixed 
effects. Standard errors in parentheses are clustered by ZIP code and transaction date. * p < 0.1, ** p < 0.05, *** p < 0.01.   
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Figure 1: Hurricane Impact Zone 

 

 
(a) Hurricane Zones by Year 

 
(b) Treatment vs Control Zones for Hurricane Harvey 

 

Notes: The figures show all ZIP codes affected by Atlantic hurricanes from 2017 to 2024 (Panel 
(a)) and the treatment, control and buffer zones using Hurricane Harvey as an example (Panel 
(b)).   
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Figure 2: Event Study for the Impact of Hurricanes on Local Merchants 

 

 
(a) Event Study for the Average Impact 

 
(b) Event Study by Hurricane Intensity 

 

Notes: The figures show the coefficients and corresponding 95% confidence intervals (error 
bars) for the differences in daily transaction volume between the affected and non-affected ZIP 
codes before and after the arrival of impact (T=0). Panel (a) presents the average differences, 
while Panel (b) shows the differences by hurricane intensity.  
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Figure 3: Heterogeneous Effects by Industry 

 

  

(a) Gas stations (b) Grocery stores 

  
(c) Home improvement stores (d) Hotels & motels 

  

(e) Restaurants & bars (f) Retail stores 
 

Notes: The figures show the coefficients and corresponding 95% confidence intervals (error 
bars) for the differences in daily transaction volume between the affected and non-affected ZIP 
codes before and after the arrival of impact (T=0), by industry. 
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Figure 4: Heterogeneous Effects by Share of Online Sales 

 

 
 

 

Notes: The figures show the coefficients and 95% confidence intervals (error bars) for the 
impact of hurricanes on daily transaction volume of local merchants with both online and in-
store sales. The merchants are grouped based on their share of online sales.  
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Appendix 
 

Table A1: Hurricane Information 

 

Name 
Landfall impact 

Intensity 

Landfall 

State 

Landfall 

Date 

Watch 

Issuance 

Date 

Harvey Category 4 Texas 26-Aug-17 23-Aug-17 

Irma Category 4 Florida 10-Sep-17 7-Sep-17 

Nate Category 1 Mississippi 8-Oct-17 6-Oct-17 

Florence Category 1 North Carolina 14-Sep-18 11-Sep-18 

Michael Category 5 Florida 10-Oct-18 8-Oct-18 

Hanna Category 1 Texas 25-Jul-20 23-Jul-20 

Isaias Category 1 North Carolina 4-Aug-20 1-Aug-20 

Laura Category 4 Louisiana 27-Aug-20 24-Aug-20 

Sally Category 1 Alabama 14-Sep-20 12-Sep-20 

Delta Category 2 Louisiana 9-Oct-20 7-Oct-20 

Zeta Category 3 Louisiana 28-Oct-20 26-Oct-20 

Ida Category 4 Louisiana 29-Aug-21 27-Aug-21 

Nicholas Category 1 Texas 14-Sep-21 12-Sep-21 

Ian Category 3 Florida 28-Sep-22 25-Sep-22 

Nicole Category 1 Florida 10-Nov-22 7-Nov-22 

Idalia Category 3 Florida 30-Aug-23 27-Aug-23 

Beryl Category 1 Texas 8-Jul-24 5-Jul-24 

Debby Category 1 Florida 4-Aug-24 3-Aug-24 

Francine Category 2 Louisiana 10-Sep-24 9-Sep-24 

Helene Category 4 Florida 26-Sep-24 23-Sep-24 

Milton Category 3 Florida 9-Oct-24 5-Oct-24 

Notes: The table shows the arrival of impact intensity, State, date, and watch/warning issuance 

date for each hurricane in our sample. 
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Table A2: Summary Statistics by Hurricane 

Hurricane 
Name 

Treatment group  Control group 
No. of ZIP-
codes per 
hurricane 

Average 
transaction 

volume / day 

Average No. of 
transactions / day 

 No. of ZIP-
code per 
hurricane 

Average 
transaction 

volume / day 

Average No. of 
transactions / day 

Beryl         432        241,554        5,322          7,416        174,751        3,921  
Debby       1,633        207,227        4,231         6,354        170,675        3,958  
Delta         677         98,385        2,229         7,310        139,624        3,142  
Florence         851         99,772        2,299         7,136        121,033        2,743  
Francine           36        101,789        2,200         7,870        168,041        3,830  
Hanna         127        129,513        2,891         7,860        134,178        2,895  
Harvey         734        136,786        2,966         7,253        108,169        2,401  
Helene       1,890        227,098        4,845         6,097        156,982        3,637  
Ian       1,773        214,889        4,547         6,214        148,456        3,272  
Ida         496         99,565        2,047         7,491        160,170        3,585  
Idalia       1,423        193,839        4,007         6,564        163,249        3,657  
Irma       3,613        110,890        2,458         4,374        109,506        2,442  
Isaias       2,319        152,962        3,355         5,668        128,633        2,785  
Laura         684         70,966        1,569         7,299        140,995        3,147  
Michael       1,534         79,703        1,820         6,453        136,954        3,134  
Milton         945        299,411        6,482         6,863        151,238        3,507  
Nate         258         90,663        2,143         7,567        117,033        2,594  
Nicholas         406        230,045        4,958         7,557        153,192        3,475  
Nicole       1,403        249,660        5,285         6,584        150,123        3,268  
Sally         361         95,910        2,141         7,626        137,085        3,101  
Zeta       3,327        136,748        3,229          4,660        149,085        3,281  

Notes: The table shows the total number of ZIP codes, the average daily transaction volume per ZIP code, and the average daily number of 

transactions per ZIP code for the treatment and control groups for each hurricane in our sample. 
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Table A3: Robustness checks 
 (1) (2) (3) (4) (5) (6) (7) 

 Transaction 
volume 
(level) 

Transaction 
volume  

(in cents) 

Alternative 
Treatment timing 

Alternative control zone Alternative Sample 

 All unaffected Excluding 0-100 
km  

Early onsite Conditional on 
having transaction 

Panel A: Overall effect        
Pre-preparation (-7, -6) -1,331.7 -0.0024 0.0180 -0.0055 -0.0030 -0.0030 -0.0005 
 (1,467.9) (0.0275) (0.0161) (0.0206) (0.0208) (0.0208) (0.0128) 
Overall hurricane impact (-5 to 10) -4,458.9*** -0.1594*** -0.1122*** -0.1222*** -0.1249*** -0.1249*** -0.0667*** 
 (1,485.1) (0.0225) (0.0184) (0.0180) (0.0184) (0.0184) (0.0131) 
Panel B: Effect by stage        
Pre-preparation (-7, -6) -847.7 0.0057 0.0179 -0.0007 0.0046 0.0091 0.0057 
 (1,415.9) (0.0270) (0.0163) (0.0201) (0.0202) (0.0210) (0.0124) 
Preparation (-5, -4, -3, -2) 6,511.4*** 0.0246 0.0427* 0.0313 0.0330 0.0367 0.0517** 
 (1,917.3) (0.0224) (0.0186) (0.0187) (0.0190) (0.0206) (0.0154) 
Impact (-1, 0, 1, 2) -23,148.9*** -0.4783*** -0.3220*** -0.3864*** -0.3984*** -0.4205*** -0.2697*** 
 (3,044.2)  (0.0486) (0.0468) (0.0402) (0.0406) (0.0446) (0.0310) 
Recovery (3 to 10) -1,187.7 -0.1017*** -0.0864*** -0.0746*** -0.0763*** -0.0764*** -0.0331*** 
 (1,293.5) (0.0170) (0.0145) (0.0128) (0.0130) (0.0142) (0.0087) 
Event-by-ZIP code fixed effects Yes Yes Yes Yes Yes Yes Yes 
Date fixed effects Yes Yes Yes Yes Yes Yes Yes 
Observations 3,458,861 3,458,861 3,217,902 3,615,107 3,324,035 3,400,518 3,054,901 
Notes: The table presents robustness checks on the estimates of the effects of hurricanes on daily sales of the merchants in the affected ZIP codes, relative to 
their hurricane-prone but non-affected counterparts. The dependent variables are the daily transaction volume and are transformed using the natural logarithm 
of the value plus one for Columns (2)-(7). The Pre-preparation period is defined as six to seven days before the arrival of local impact, while the Overall 
hurricane impact period spans from 5 days before to 10 days after the arrival of local impact. The Overall hurricane impact period is further divided into 
three stages: Preparation (two to five days before the arrival of impact), Impact (one day before to two days after the arrival of impact), and Recovery (one 
week after the impact period). All models include event-by-ZIP code fixed effects and transaction date fixed effects. Standard errors in parentheses are clustered 
by ZIP code and transaction date. * p < 0.1, ** p < 0.05, *** p < 0.01.   
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Table A4: Heterogeneous Effect by Hurricane Intensity 

 
 (1) (2) 

 Low High 
Panel A: Overall effect   
Pre-preparation (-7, -6) -0.0116    -0.0007 
 (0.0216) (0.0311) 
Overall hurricane impact (-5 to 10) -0.1030***    -0.1380*** 
 (0.0244) (0.0258) 
Panel B: Effect by stage   
Pre-warning (-7, -6) -0.0080 0.0106 
 (0.0215) (0.0299) 
Preparation (-5, -4, -3, -2) -0.0085 0.0458 
 (0.0277) (0.0246) 
Impact (-1, 0, 1, 2) -0.3066*** -0.4484*** 
 (0.0568) (0.0541) 
Recovery (3 to 10) -0.0563*** -0.0907*** 
 (0.0173) (0.0182) 
Event-by-ZIP code fixed effects Yes Yes 
Date fixed effects Yes Yes 
Observations 1,845,921 1,618,357 

Notes: The table presents the effects of hurricanes, by intensity, on daily sales of the merchants in the 
affected ZIP codes, relative to their hurricane-prone but non-affected counterparts. The dependent 
variables are the daily transaction volume and are transformed using the natural logarithm of the value 
plus one. The Pre-preparation period is defined as six to seven days before the arrival of local impact, 
while the Overall hurricane impact period spans from 5 days before to 10 days after the arrival of 
local impact. The Overall hurricane impact period is further divided into three stages: Preparation 
(two to five days before the arrival of impact), Impact (one day before to two days after the arrival of 
impact), and Recovery (one week after the impact period). All models include event-by-ZIP code fixed 
effects and transaction date fixed effects. Standard errors in parentheses are clustered by ZIP code and 
transaction date. * p < 0.1, ** p < 0.05, *** p < 0.01.   
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Table A5: Heterogeneous Effect by Industry  
 

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

 Gas stations Grocery Home 
Improvement 

Hotel-
Motel 

Restaurants
-Bars Retail 

Panel A: Overall effect       
Pre-preparation (-7, -6) -0.0054 0.0005 0.0113 0.0007 -0.0108 0.039 
 (0.0298) (0.0282) (0.0512) (0.0231) (0.0399) (0.0255) 
Overall hurricane impact (-5 to 10) -0.1402*** -0.1313*** -0.1711*** -0.0116 -0.2028*** -0.1441*** 
 (0.0263) (0.0247) (0.0436) (0.0156) (0.0300) (0.0218) 
Panel B: Effect by stage       
Pre-preparation (-7, -6) 0.0057 0.0095 0.0216 0.0024 -0.0030 0.0116 
 (0.0287) (0.0277) (0.0510) (0.0228) (0.0396) (0.0251) 
Preparation (-5, -4, -3, -2) 0.1040** 0.0666* 0.0461 0.0206 -0.0321 0.0280 
 (0.0315) (0.0273) (0.0467) (0.0197) (0.0303) (0.0220) 
Impact (-1, 0, 1, 2) -0.4816*** -0.4271*** -0.6036*** -0.1111*** -0.5462*** -0.4502*** 
 (0.0597) (0.0537) (0.0798) (0.0270) (0.0538) (0.0476) 
Recovery (3 to 10) -0.1058*** -0.0935*** -0.0755& 0.0206 -0.1254*** -0.0864*** 
 (0.0191) (0.0189) (0.0384) (0.0155) (0.0268) (0.0167) 
Event-by-ZIP code fixed effects Yes Yes Yes Yes Yes Yes 
Date fixed effects Yes Yes Yes Yes Yes Yes 
Observations 2,779,817 3,082,624 2,645,239 2,092,129 3,032,446 3,345,457  

Notes: The table presents the effects of hurricanes, by industry, on daily sales of the merchants in the 
affected ZIP codes, relative to their hurricane-prone but non-affected counterparts. The dependent 
variables are the daily transaction volume and are transformed using the natural logarithm of the value 
plus one. The Pre-preparation period is defined as six to seven days before the arrival of local impact, 
while the Overall hurricane impact period spans from 5 days before to 10 days after the arrival of local 
impact. The Overall hurricane impact period is further divided into three stages: Preparation (two to 
five days before the arrival of impact), Impact (one day before to two days after the arrival of impact), 
and Recovery (one week after the impact period). All models include event-by-ZIP code fixed effects and 
transaction date fixed effects. Standard errors in parentheses are clustered by ZIP code and transaction 
date. * p < 0.1, ** p < 0.05, *** p < 0.01.   
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Table A6: Summary Statistics by Industry and Merchant Type 
 

 
Proportion of Sales Proportion of Stores 

Chain Independent Chain Independent 
Grocery stores 87% 13% 65% 35% 

Home improvement 62% 38% 12% 88% 
Hotel & motels 70% 30% 31% 69% 

Restaurants & bars 36% 64% 20% 80% 
Retail stores 62% 38% 8% 92% 

 
Notes: The table shows the proportion of sales and stores the proportion of sales and stores that are 
chain-affiliated or independent, by industry.  
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Table A7: Heterogeneous Effect by Industry and Merchant Type (Full Sample) 
 

 (1) (2) (3) (4) (5) (6) (7) (8) 
 Grocery stores Home improvement stores Restaurants & bars Retail  

 Chain Independent Chain Independent Chain Independent Chain Independent 
Panel A: Overall effect         
Pre-preparation (-7, -6) -0.0062     0.0054     0.0216     -0.0013     -0.0190    -0.0115 -0.0043     -0.0011     
 (0.0389) (0.0303) (0.0540) (0.0541) (0.0404) (0.0432) (0.0400) (0.0353) 
Overall hurricane impact (-5 to 10) -0.1582***     -0.1434***     -0.1625*** -0.2383***     -0.2110*** -0.2099*** -0.1889***     -0.1556***     
 (0.0388) (0.0252) (0.0449) (0.0486) (0.0316) (0.0322) (0.0336) (0.0294) 
Panel B: Effect by stage         
Pre-preparation (-7, -6) 0.0077     0.0133   0.0338     0.0095      -0.0094     -0.00368     0.0077     0.0056     
 (0.0382) (0.0298) (0.0537) (0.0537) (0.0398) (0.0429) (0.0390) (0.0349) 
Preparation (-5, -4, -3, -2) 0.1123**    0.0322  0.0756     -0.0148     -0.0157     -0.0391     0.0704*     -0.0060     
 (0.0398) (0.0277) (0.0456) (0.0510) (0.0304) (0.0330) (0.0344) (0.0308) 
Impact (-1, 0, 1, 2) -0.6462***     -0.3947***   -0.6542***     -0.7238***     -0.5926***     -0.5560***     -0.6488***     -0.4480***     
 (0.1076) (0.0462) (0.0980) (0.0825) (0.0709) (0.0546) (0.0815) (0.0473) 
Recovery (3 to 10) -0.0658*     -0.1154***     -0.0493     -0.1193**     -0.1286***     -0.1311***     -0.1035***     -0.0920***     
 (0.0312) (0.0220) (0.0378) (0.0447) (0.0270) (0.0295) (0.0258) (0.0264) 
Event-by-ZIP code fixed effects Yes Yes Yes Yes Yes Yes Yes Yes 
Date fixed effects Yes Yes Yes Yes Yes Yes Yes Yes 
Observations 1,719,997  3,071,306 1,478,944 2,623,088 2,060,041 3,020,896 2,808,455 3,322,087 
Notes: The table presents the effects of hurricanes, by industry and merchant type, on daily sales of the merchants in the affected ZIP codes, relative to their hurricane-
prone but non-affected counterparts. The dependent variables are the daily transaction volume and are transformed using the natural logarithm of the value plus one. 
The Pre-preparation period is defined as six to seven days before the arrival of local impact, while the Overall hurricane impact period spans from 5 days before 
to 10 days after the arrival of local impact. The Overall hurricane impact period is further divided into three stages: Preparation (two to five days before the arrival 
of impact), Impact (one day before to two days after the arrival of impact), and Recovery (one week after the impact period). All models include event-by-ZIP code 
fixed effects and transaction date fixed effects. Standard errors in parentheses are clustered by ZIP code and transaction date. * p < 0.1, ** p < 0.05, *** p < 0.01.   
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Table A8: Heterogeneous Effect by Industry and Merchant Type (Restricted Sample) 

 
 (1) (2) (3) (4) (5) (6) (7) (8) 
 Grocery stores Home improvement stores Restaurants & bars Retail stores 

 Chain Independent Chain Independent Chain Independent Chain Independent 
Panel A: Overall effect         
Pre-preparation (-7, -6) 0.0116 0.0040 0.0136 0.0076 -0.0203 -0.0102 0.0084 -0.0019 
 (0.0506) (0.0466) (0.0665) (0.0717) (0.0446) (0.0517) (0.0527) (0.0518) 
Overall hurricane impact (-5 to 10) -0.1830*** -0.1928*** -0.2638*** -0.3350*** -0.2307*** -0.2567*** -0.2088*** -0.2224*** 
 (0.0435) (0.0393) (0.0572) (0.0611) (0.0340) (0.0380) (0.0398) (0.0404) 
Panel B: Effect by stage         
Pre-preparation (-7, -6) 0.0267 0.0162 0.0295 0.0223 -0.0102 0.0005 0.0207 0.0090 
 (0.0499) (0.0460) (0.0658) (0.0711) (0.0439) (0.0510) (0.0520) (0.0511) 
Preparation (-5, -4, -3, -2) 0.1125* 0.0445 0.0432 -0.0528 -0.0237 -0.0375 0.0528 0.0059 
 (0.0445) (0.0402) (0.0566) (0.0598) (0.0330 (0.0376) (0.0405) (0.0401) 
Impact (-1, 0, 1, 2) -0.7026*** -0.6160*** -0.9295*** -1.001*** -0.6348*** -0.6883*** -0.6878*** -0.6869*** 
 (0.1115) (0.0904) (0.1186) (0.1146) (0.0741) (0.0766) (0.0864) (0.0784) 
Recovery (3 to 10) -0.0889* -0.1142*** -0.1015* -0.1587** -0.1437*** -0.1625*** -0.1150*** -0.1171*** 
 (0.0366) (0.0342) (0.0498) (0.0557) (0.0295) (0.0339) (0.0327) (0.0347) 
Event-by-ZIP code fixed effects Yes Yes Yes Yes Yes Yes Yes Yes 
Date fixed effects Yes Yes Yes Yes Yes Yes Yes Yes 
Observations 1,698,262  1,698,045 1,443,110 1,442,663 2,036,139 2,035,868 2,698,794 2,697,833 
Notes: The table presents the effects of hurricanes, by industry and merchant type, on daily sales of the merchants in the affected ZIP codes, relative to their hurricane-
prone but non-affected counterparts. The sample is restricted to ZIP codes with both chain and independent merchants in the industry. The dependent variables are 
the daily transaction volume and are transformed using the natural logarithm of the value plus one. The Pre-preparation period is defined as six to seven days before 
the arrival of local impact, while the Overall hurricane impact period spans from 5 days before to 10 days after the arrival of local impact. The Overall hurricane 
impact period is further divided into three stages: Preparation (two to five days before the arrival of impact), Impact (one day before to two days after the arrival of 
impact), and Recovery (one week after the impact period). All models include event-by-ZIP code fixed effects and transaction date fixed effects. Standard errors in 
parentheses are clustered by ZIP code and transaction date. * p < 0.1, ** p < 0.05, *** p < 0.01.   
 



   
 

28 
 

 
Table A9: Summary Statistics by Industry and Sale Chanels 

 

 
Proportion of Stores 

Offline only Both online and offline 
Grocery stores 48% 52% 

Home improvement 14% 86% 
Hotel & motels 26% 74% 

Restaurants & bars 41% 59% 
Retail stores 16% 84% 

 
Notes: The table shows the proportion of stores that are with offline-only sales versus those with both 
online and offline sales, by industry.  
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Table A10: Impact of Hurricanes on In-store vs Online Sales  
 

 (1) (2) (1) (2) (3) (4) (5) (6) 
 Overall Retail Grocery Home Improvement 
 Offline Online Offline Online Offline Online Offline Online 

Panel A: Overall effect         
Pre-preparation (-7, -6) -0.0093 -0.0066 0.0001 0.0047 -0.0021 -0.0203 0.0248 -0.0201 
 (0.0264) (0.0195) (0.0363) (0.0184) (0.0311) (0.0158) (0.0600) (0.0287)  
Overall hurricane impact (-5 to 10) -0.1513*** -0.1060*** -0.1922*** -0.0790*** -0.1430*** -0.0632*** -0.1957*** -0.1235*** 
 (0.0226) (0.0152) (0.0304) (0.0157) (0.0269) (0.0140) (0.0493) (0.0287) 
Panel B: Effect by stage         
Pre-preparation (-7, -6) -0.0001 -0.0031 0.0106 0.0083 0.0075 -0.0164 0.0367 -0.0147 
 (0.0258) (0.0191) (0.0357) (0.0183) (0.0305) (0.0156) (0.0598) (0.0284) 
Preparation (-5, -4, -3, -2) 0.0387 -0.0297* 0.0379 -0.0003 0.0692* 0.0204 0.0528 -0.0127 
 (0.0233) (0.0147) (0.0305) (0.0160) (0.0297) (0.0158) (0.0524) (0.0323) 
Impact (-1, 0, 1, 2) -0.4729*** -0.3031*** -0.6168*** -0.2562*** -0.4643*** -0.2208*** -0.6904*** -0.4057*** 
 (0.0494) (0.0288) (0.0678) (0.0280) (0.0590) (0.0263) (0.0919) (0.0493) 
Recovery (3 to 10) -0.0957*** -0.0493*** -0.1074*** -0.0337* -0.1004*** -0.0306* -0.0865* -0.0432 
 (0.0166) (0.0138) (0.0231) (0.0141) (0.0207) (0.0137) (0.0434) (0.0278) 
Event-by-ZIP code fixed effects Yes Yes Yes Yes Yes Yes Yes Yes 
Date fixed effects Yes Yes Yes Yes Yes Yes Yes Yes 
Observations 3,414,538 3,419,992 3,207,772 3,292,085 3,037,051 2,871,028 2,480,411 2,510,232 

Notes: The table presents the effects of hurricanes, by sales mode (online vs. offline), on daily sales of the merchants with a physical store in the affected ZIP codes, 
relative to their hurricane-prone but non-affected counterparts. The dependent variables are the daily transaction volume and are transformed using the natural 
logarithm of the value plus one. The Pre-preparation period is defined as six to seven days before the arrival of local impact, while the Overall hurricane impact 
period spans from 5 days before to 10 days after the arrival of local impact. The Overall hurricane impact period is further divided into three stages: Preparation 
(two to five days before the arrival of impact), Impact (one day before to two days after the arrival of impact), and Recovery (one week after the impact period). All 
models include event-by-ZIP code fixed effects and transaction date fixed effects. Standard errors in parentheses are clustered by ZIP code and transaction date. * p 
< 0.1, ** p < 0.05, *** p < 0.01.   
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Figure A1: Spillover effects on Merchants by distance  
 

 
Notes: The figure shows the coefficients and 95% confidence intervals (error bars) for the impact of 
hurricanes on daily transaction volume, by the distance from the merchant’s ZIP code to the outer 
boundary of the affected zone.  



   
 

31 
 

Figure A2: Event Study for the Long-Term Effect of Hurricanes 
 

 

(a) Long-Term Effects on Transaction Volume 

 

(b) Long-Term Effect on Total Number of Merchants 

Notes: The figures show the coefficients and 95% confidence intervals (error bars) for weekly differences 
in business outcomes between affected and unaffected ZIP codes before and after the week of the arrival 
of impact (T = 0). Panel (a) shows differences in transaction volume, and Panel (b) shows differences in 
the total number of active merchants. 
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Figure A3: Event Study for the Impact on Consumer Spending 
 

  
(a) Overall Spending (b) Spending 0-100km Outside 

  
(c) Spending on Top Online Marketplace (d) ATM Withdrawals 

 
Notes: The figures show the coefficients and corresponding 95% confidence intervals (error bars) for 
the differences in daily consumer spending at nearby ZIP codes 0-100 km outside the hurricane impact 
zone (Subfigure (a)) and to large online marketplaces (Subfigure(b)), between the affected and non-
affected ZIP codes before and after the arrival of impact (T=0).  
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Figure A4: Event Study for the Impact by Industry and Merchant Type 
 

  

(a) Grocery stores (b) Home improvement stores 

  

(c) Restaurants & bars (d) Retail stores 
Notes: The figures show the coefficients and corresponding 95% confidence intervals (error bars) for the 
differences in daily transaction volume between the affected and non-affected ZIP codes before and after 
the arrival of impact (T=0), for independent stores (in red) and chain stores (in green) by industry. 
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Figure A5: Heterogeneous Effects by ZIP Code-Level Demographic Characteristics  
 

 
Notes: The figures show the coefficients and 95% confidence intervals (error bars) for the impact of 
hurricanes on daily truncation volume, by ZIP code-level demographics. ZIP codes are divided into 
quartiles based on (1) age dependency ratio, (2) share of the population over age 25 with more than a high 
school education, (3) average household income, and (4) population density. 
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Annex A: Hurricane timeline 
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