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The Economic Impacts of Tropical Cyclones on a
Mature Destination, Florida, USA

Christina E. Brown?, Sergio Alvarez?, Naveen Eluru®, Arthur Huang*
Abstract:

Climatic hazards such as tropical cyclones pose multi-faceted threats to coastal tourism, inflicting physical
damage to infrastructure, causing business interruption, and requiring the evacuation of tourists, not to
mention the ensuing damage to the destination’s image. Using the State of Florida, USA, as a case study,
this research integrates GIS-based tropical cyclone wind swath data with industry-level monthly sales
data in a cross-county panel to explore the differential impacts of these extreme weather events among
inland and coastal destinations. This study uses secondary data collected by from the state of Florida and
the US federal government to estimate revenue losses to 6 sectors in Florida’s tourism economy due to
tropical cyclones between 2008 and 2018. Based on the pooled sample of all counties, mean per county
losses were estimated to be approximately $10 million during the month of the storm, $12 million in the
first month post-storm, and $7 million in the second month post-storm. Coastal counties had mean
estimated losses of approximately $12.5 million in the month of the storm and persistent effects for the
following 2 months. Inland counties had estimated losses of approximately $7.5 million in the month of the
storm and a positive recovery effect in the fourth ($1.6 million) and fifth ($2.7 million) months post-storm.
These results suggest that Florida’s coastal counties are most impacted by tropical cyclones in terms of
tourism-related losses.

Keywords: tropical cyclone, panel data model, coastal tourism, county level analysis
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The Economic Impacts of Tropical Cyclones on a
Mature Destination, Florida, USA

1. Introduction

Coastal resources are critical for tourism development and local citizens’ livelihoods. In the United
States, 2.4 million people are employed by ocean-based tourism and recreational industries (NOAA,
2020). The state of Florida is a world-renowned destination known for its mild winter weather, beaches,
and attractions ecosystem (Atzori et al., 2018). Data from Visit Florida (2019) show that in 2018, Florida
received approximately 124.7 million out-of-state visitors, a 5.3% increase from 2017. Domestic visitors
comprised 88.5% of total visitors in Florida in 2018, an increase of 6% over the previous year. In total,
visitor spending directly and indirectly supports approximately 1.5 million jobs in Florida, with coastal
tourism playing a crucial role; yet this critical component of the state’s economy is vulnerable to hazards

such as tropical cyclones.

At a global scale, coastal areas are home to 40% of the world’s people and receive nearly 50% of
international inbound tourism (United Nations, 2017). The reasons coastal areas are sought after by
tourists include but are not limited to: sun, sand, and sea (SSS). However, the natural amenities that are
the foundation of SSS tourism are under threat due to climate change. For example, a rise in mean
global temperatures of just 1.5 °C above pre-industrial levels is expected to result in temperature-
dependent changes to tourist comfort and to changes in the length of tourism operating seasons (Hoegh-
Guldberg et al., 2018). Some climate-dependent tourism activities, including visits to U.S. national parks
(Monahan et al., 2016) and the ski tourism industry (Scott et al., 2020), are already being influenced by
climate change. Similarly, it is expected that sea levels will rise throughout the globe, putting coastal
tourism assets and attractions—including dozens of UNESCO World Heritage Sites (Marzeion and
Levermann, 2014) and nearly one-third of resorts in the Caribbean (Scott et al., 2012; Scott and
Verkoeyen, 2017)—at risk of flooding. As global sea levels rise, it is also expected that beach erosion will

accelerate (Leatherman et al., 2000), thus eroding the main attraction of coastal destinations. Coupled
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with sea level rise-driven coastal recession, ambient trends in shoreline dynamics could result in the loss

of nearly half of the world’s sandy beaches by 2100 (Vousdoukas et al. 2020).

Recent studies suggest that the intensity, frequency, and duration of North Atlantic hurricanes have been
increasing since the early 1980s, and hurricane intensity and rainfall are projected to increase as the
climate continues to warm (Hoegh-Guldberg et al., 2018; IPCC, 2019; Knutson et al., 2013). While
tropical cyclone wind fields typically range from tens to hundreds of kilometers in diameter, Hsu et al.
(1998) found the average radius of maximum wind, or the distance between a storm’s center and its
strongest winds, is 47km (29mi). Climate change, combined with coastal development, is expected to
increase hurricane damage and worsen tropical cyclone-induced coastal flooding (Dinan, 2017; Marsooli
et al., 2019), with “supercharged” storms like 2017’s Hurricane Harvey heightening the risk of major
damage (Trenberth et al., 2018). While there is spatial variation in hurricane risk across different regions
of the United States, Pant et al. (2019) found that climate-dependent future hurricane risk is higher than
present risk for all locations. Klotsback et al. (2018) note that regardless of any future increases in tropical
cyclone frequency or intensity, hurricane-related damage will increase due to growth in coastal population
and wealth. Additionally, as the climate increases to warm over time, hurricanes’ damaging impacts will

be felt farther inland (Li et al., 2020).

Climatic hazards such as tropical cyclones pose a multi-faceted threat to coastal tourism. Like other
natural disasters, tropical cyclones impact the destination by inflicting physical damage to infrastructure,
temporarily closing tourism operations, and requiring the evacuation of tourists, not to mention the
ensuing damage to the destination’s image (Bigano et al., 2005; Forster et al., 2012; Géssling and Hall,
2006). With their destructive energy, tropical cyclones also compound on the impacts of sea level rise as
their storm surge causes widespread coastal flooding accompanied by rapid and drastic changes in
beach morphology (Cuttler et al., 2018). Though a tropical cyclone’s winds, rain, and storm surge impact
on a specific area is short-term, the economic impacts on both local and regional scales last much longer
(Grinsted et al., 2019). For instance, business closures in the aftermath of these cyclones may last for

weeks or even months, while disruptions to the electric grid and critical supply chains such as fuel and
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food may last for days or weeks (Ewing, et al., 2014). Butler (2012) cautions that revolutionary, sudden
changes that bring about the destruction of existing features, pose a significant threat to the endurance of
mature destinations. Climatic hazards such as tropical cyclones, which bring the destructive forces of
nature to the destination with increasing frequency and intensity, are precisely the kind of revolutionary

change that pose a clear and present threat to mature coastal destinations.

It can be argued that Florida is the quintessential mature destination envisioned by Butler's (1980) tourist
area life cycle model. Florida’s exploration stage dates back to the 1820s with seaside destinations St.
Augustine, Pensacola, and Key West emerging as refuges from tuberculosis and other respiratory
ailments. By the 1850s, Florida’s navigable rivers became steamboat cruise routes for nature
enthusiasts, including sportsmen shooting alligators. During this exploration period, Florida was mostly
unpopulated, difficult to reach, and seen as America’s last frontier. The involvement stage began after
the US civil war and lasted into the early 20" century, with a growing number of spas and lodgings along
the coast drawing increasing numbers of tourists. During this period, oil and railroad tycoons Henry
Flagler and Henry Plant played a key role in the development of Florida as a tourist destination by
building the first tourism infrastructure including resort-style hotels and a system of railroads that
extended south to Key West. At this time, tourism became deeply engrained in the state’s economy, with
settlements built to house construction crews for hotels and hospitality workers becoming cities like Miami
and West Palm Beach. The involvement stage culminated in the 1920s, when catapulted by
demaocratization of tourism in the US following the advent of Ford’s Model-T automobile, Florida reached
its development stage. The state’s road system was improved with many of the old railroads paved into
roads, opening the door for larger numbers of tourists that made attractions such as zoos and alligator
farms profitable, and the first theme parks were built. Similarly, affordable lodgings and campgrounds

proliferated throughout coastal and inland areas of the state (Revels, 2011).

Florida was entering a consolidation stage in the mid-1920’s, but two deadly category 4 hurricanes, one in
1926 making landfall in Miami and another in 1928 making landfall in West Palm Beach, deeply impacted

Florida’s tourism and precipitated the first stagnation stage. Besides bringing mass destruction to Miami
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and West Palm Beach, which had become major destinations within Florida, images of thousands of
bloated bodies and headlines stating “Florida Destroyed!” proliferated across the US (Revels, 2011). The
impacts of back-to-back hurricanes combined with the Great Depression and World War 1l to send Florida

into a decline stage.

Florida’s first rejuvenation stage was induced by America’s post-war prosperity, a period when Florida’s
image of year-round fun in the sun, amusement parks and attractions, became established. A second
rejuvenation stage can be said to have taken place in the 1970s with the construction of Walt Disney
World and the ensuing development of the theme park cluster in central Florida (Revels 2011). While
Butler (1980) noted Miami Beach as entering a decline stage in the 1980s, tourism has continued to grow
in Florida during the 215t century, and the year prior to the COVID-19 pandemic received roughly six times

as many visitors as it had permanent residents.

Today, Florida is a diverse tourism ecosystem where beaches, theme parks, and shopping malls are
complemented by less trodden attractions such as freshwater springs and the Everglades. Tourism is
deeply engrained in the state’s identity, and, indeed, “Florida has been a trusted destination for
generations, with decades of visitation growth as proof” (Visit Florida, 2018). Like other tourism
destinations across the globe, Florida has also been deeply impacted by the COVID-19 pandemic
(Larson and McDonald, 2020), which is likely to be the harbinger of a new consolidation and decline
stage. Butler (2012) argues that to avoid decline into obsolescence, destinations must be managed
effectively and appropriately, using a combination of innovation with new and fashionable tourism
products and infrastructure, as well as conservation of the natural and cultural resources that attract
tourists in the first place. In a sense, Florida’s continued success as a tourism destination depends on
the active involvement of local and state governments and the private sector in the management of

tourism and the conservation of natural resources.

While it is widely acknowledged that tropical cyclones are bad for tourism and the economy, there is less

understanding of their specific impacts on industries. For example, damage assessments in the wake of
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cyclones in the US focus on damage to structures and other types of property, but rarely consider any
changes to business activity or revenue. There is little understanding of both short-term and long-term
economic impacts. Further, the path of recovery for the tourism industry in the wake of tropical cyclones is
not well understood. This paper aims to shed light on these issues by measuring the impact of tropical
cyclones on the tourism economy for a mature destination using the state of Florida, USA, relying on an
interdisciplinary approach that brings in data compiled by the atmospheric sciences to estimate tropical
cyclone impacts and reveal the path of post-cyclone recovery. We integrate GIS-based tropical cyclone
wind swath data with monthly, county-level sales data by industry to estimate the short and long-term
impacts of tropical cyclones on the tourism economy using a panel regression model that controls for
trend and seasonality to identify the short and long-term impacts of tropical cyclones on the tourism
sector. Our approach goes beyond property damage as a measure of cyclone impacts and uses the
losses of operating revenue as an index for the impact of cyclones on economic activities. Furthermore,
spatial analysis and time-series analysis are combined to gain new insight on the impact of tropical
cyclones and the path of post-cyclone recovery. Finally, our quantitative analysis explores the differential
impacts between inland destinations and coastal destinations with waterfront areas, and investigates the

recovery period of the tourism industry from historical tropical cyclones.

The rest of the paper is structured as follows. Section 2 provides an overview of the literature on the
impacts of tropical cyclones on tourism. Section 3 describes the methods, including study area, data, and
econometric specification. Section 4 summarizes the result, and section 5 provides a discussion of the

study’s implications. Section 6 concludes this paper.

2. Tropical Cyclones and their Multi-Faceted Impacts on Tourism

There has been a growing interest in investigating the exposure of tourism activities to tropical cyclones.
Recent studies have shown that tropical cyclones result in reduced tourist arrivals and spending at
destinations (Bang Vu et al., 2017; Granvorka et al., 2013; Rossell6 et al., 2020). However, Prideaux et

al. (2008) found that these negative impacts tend to be short-term and vary among different tourist
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segments. Becken (2010) argued that weather not only plays an important role in tourists’ decisions on
activities at a destination, but also influences the successful operation of tourism businesses. With
respect to tourists’ response to hurricane warnings in Florida, Cahyanto et al. (2016) found that tourists
with greater connectedness to the destination are more likely to have knowledge of the possibility of
hurricane threats and issuances of evacuation notices. In terms of response to increased risk of
hurricanes due to climate change, Forster et al. (2012) found that tourists to the Caribbean are
significantly less likely to vacation where they perceive an increased risk of hurricanes, with 40% of
tourists to Anguilla considering hurricanes in their decision-making process. In addition, tourism operators
have identified clean-up, rebuilding of infrastructure, business assistance, and communications and

media engagement as critical aspects during disaster recovery (Becken et al., 2013).

In a global analysis of the impact of hazards on tourism demand, Rossellé et al. (2020) found that storms
rank first in terms of the economic costs of disasters, comprising 38% of the total global economic losses
during the period 1995-2013. Furthermore, their findings indicate that while only 16.8% of storms take
place in the Americas, the cost is disproportionately high (66.1%) with respect to other regions. Chandler
(2004) took a three-month snapshot view of the effects of three hurricanes and extensive flooding on
North Carolina’s lodging industry, estimating total direct revenue losses of $3.8 million across the coastal
and heartland regions of the state, not accounting for physical damage to properties and other losses.
Fitchett et al. (2012) note that lodgers in South Africa following Tropical Storm Dando incurred short,
medium, and long-term losses, with the predominant source of losses in the medium-term incurred due to
business interruption. Referencing the aftermath of Hurricane Sandy, Choi et al. (2019) suggest that
dynamic pricing could mitigate some revenue losses and their study “supports the importance of the

lodging industry to the economies of states affected by a natural disaster.”

Historic accounts indicate that tourism operators, such as hotels and fishing and diving charters, suffer
economic losses due to tropical cyclones (Abbot, 2019; Stapleton, 2019). Operators reported losses in
bookings following Hurricane Irma in September 2017, but by December 2017 occupancy had returned to

normal (Fox, 2018). While 2019’s Hurricane Dorian did not make landfall in Florida, operators reported
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reduced tourism revenue over the Labor Day weekend due to business interruption and a slowdown in

bookings through November of that year (Abbot, 2019).

A number of studies have examined the impact of natural disasters on economies from a macroeconomic
perspective. Yang (2008) examined the impact of hurricanes on international financial flows to developing
countries. In a theoretical analysis, McDermott et al. (2014) argued that, given access to credit, increased
investment will fully compensate for any losses to the capital stock due to an extreme event such as a
natural disaster in a high-income economy; and yet, a disaster will reduce output in the short-term as well
as reducing the growth rate of the economy in the medium to long term in a low-income economy. An
empirical analysis by Skidmore and Toya (2002) used cross-country panel data to demonstrate that
climatic disasters such as cyclones are positively correlated with economic growth, while geologic
disasters on the other hand are negatively correlated with growth. Schumacher and Strobl (2011) also
employed a cross-country panel dataset, investigating the relationship between losses, exposure to
hazard, and stages of development. Klomp (2016) and Toya and Skidmore (2007) explored the
relationship between natural disasters and economic development through factors such as nighttime light

intensity and individuals’ educational attainment and openness.

Studies on the effects of disaster vulnerability and resilience have found that community resilience is a
strong factor in how natural disasters affect hospitality industry employment (Sydnor-Bousso et al., 2011),
and bigger tourism-based regional economies prior to natural disasters tend to have lower disaster losses
than those with smaller economies (Kim and Marcouiller, 2015). Burrus et al. (2002) focused on regional
business interruption from low-intensity hurricanes, reporting that while per-strike losses may be small,
the high frequency of hurricanes and tropical storms produces a cumulative economic impact equivalent
to a high-intensity hurricane strike. Ewing et al. (2010) examine regional state-level economic responses
to Hurricane Katrina in Louisiana, suggesting that composite indices provide a more comprehensive

estimate of changes in the regional economy than single indices such as GDP.
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However, the regional impacts of tropical cyclones on the economy remain understudied, with most
damage assessments focusing mostly on damage to property (Pielke and Landsea, 1998). Thus, the
impacts on broader revenue streams in vulnerable sectors such as tourism are largely unknown. There is
limited understanding about how costs and losses incurred as a result of tropical cyclones are distributed
through time, or how long economic recoveries generally take. Information on the true costs of cyclones,
as well as their short-term and long-term impacts, is essential for polices such as mitigation investments
and sustainability planning. Therefore, this study aims to measure short and medium-term impacts of
tropical cyclones on the tourism economy in a mature destination from the month of a tropical cyclone’s

occurrence up to six months post-storm.

The use of county-level monthly sales data from the state of Florida provides a complete and aggregate
view of all tourism-related expenses in the state across time, both in areas that were impacted by tropical
cyclones, and in areas that were not. Therefore, the use of this secondary dataset allows empirical
estimation of the true impacts of tropical cyclones on tourism-related sales, providing a big picture view at
the county and state level that does not rely on extrapolation of results from a small sample. In contrast,
studies that rely on small samples from surveys (e.g. Fitchett et al. 2016) can provide a great deal more
detail about the individual tourism operators that were surveyed (including qualitative data), but
extrapolation of results to the entire tourism economy of an impacted region is problematic unless the
sample can be guaranteed to be representative of all tourism businesses in the region, which requires
sampling across all tourism-related businesses of all sizes, and a high response rate, which can be

challenging to achieve.

3. Methods

3.1. Study Area

Our study area includes 67 counties in the state of Florida, with 35 coastal counties (where any portion of
the state includes coastline) and 32 inland counties. Tourism-related spending in Florida displays a

marked seasonality, particularly in coastal counties. The high season coincides with the Northern
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Hemisphere winter, a time when Florida’s sub-tropical warm temperatures offer a strong contrast to the
rest of the US. Florida’s high tourism season begins in January as ‘snow-birds’ (people who over-winter
in Florida) begin their annual migration into Florida. The peak of the tourism season occurs in April, when
educational institutions have their ‘spring break.” As the summer heat descends on the Northern
hemisphere, Florida’s low tourism season begins, with the lowest spending occurring in the months of
September and October (Figure 1a). Besides the annual seasonality observed, there has been steady
growth of tourism-related sales over time following the Great Recession (Figure 1b). In addition, every
one of Florida's coastal counties was impacted by at least one tropical cyclone during the study period,
which ranges between 2009 and 2018 (Figure 2). As evidenced by Figure 2, some storms’ tropical storm
force winds affect nearly the entire state (e.g. Irma, 2017), while others only portions of several counties
(e.g. Bonnie, 2010). Florida’s Southeastern coastline is particularly susceptible to landfalling hurricanes,
followed by the panhandle area in Northwest, while areas around Tampa, Jacksonville, and the Big Bend
are less at risk of a direct cyclone strike. However, even if a storm makes landfall elsewhere in Florida or

not in Florida at all, weather effects can cover hundreds of miles (Florida Climate Center, 2020).
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Figure 1. Seasonality and trends in Florida’s tourism economy. Panel A shows annual statewide tourism
related sales, averaged across the years 2009 to 2018. Panel B shows total statewide monthly tourism
related sales between 2009 and 2018 (Data Source: Florida Department of Revenue).
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The Atlantic hurricane season is between June 1 and November 30 (Saunders et al., 2005). While
tropical cyclones may occur outside of the season, the timeframe encompasses over 97% of tropical
cyclone activity (National Hurricane Center, 2020). The peak of hurricane season in the Atlantic basin is
from August through October, with 78% of tropical storm days, 87% of minor hurricane (Saffir-Simpson
Scale categories 1 and 2) days, and 96% of major hurricane (Saffir-Simpson Scale categories 3, 4, and 5)

days occurring during this period (Landsea, 1993).

While the threat of tropical cyclones is an annual concern for destinations along the eastern coast of the
U.S. and the Gulf of Mexico, Florida is particularly vulnerable due to its location between the Gulf and
Atlantic Ocean (Pinelli et al., 2011). Historically, approximately 40% of landfalling hurricanes in the U.S.
have struck Florida, with a total of 120 hurricane strikes between 1851 and 2019 and 37 of these

hurricanes classified as major (Hurricane Research Division, 2019).

3.2. Data

The study uses a monthly panel of county-level gross sales data (2008-2018) compiled and published by
the Florida Department of Revenue covering six industries in Florida’s tourism economy: food and

beverage stores; eating and drinking places (not restaurants); restaurants, lunchrooms, catering services;
drinking places (alcoholic beverages served on premises); hotel/motel accommodations, rooming houses,

camps, and other lodging places; and rental of tangible personal property.

A tropical cyclone is a low pressure system that develops over tropical waters, characterized by high
winds and heavy rain. Once the surface winds have reached a maximum sustained speed of 39 mph (63
km/h), it is classified as a tropical storm. At 74 mph (119 km/h) or greater sustained maximum wind
speed, it is classified as a hurricane, at which point it is rated on the Saffir-Simpson hurricane wind scale
as category 1 through 5 (Schott et al., 2019). A variety of identification strategies for tropical cyclones
were considered for this analysis, from categorical variables that indicate hurricane intensity, to a binary

indicator of the occurrence of any tropical cyclone (i.e. tropical storm or any category hurricane) in a

13



308 particular country during a specific month. The indicators were constructed using a Geographic

309 Information System by intersecting tropical cyclone wind swaths (National Hurricane Center, 2019) with
310 the state of Florida and identifying which of Florida’s 67 counties were affected by sustained tropical

311  storm force winds. The historical tropical cyclones data collected from NOAA includel8 tropical cyclones
312 in Florida between 2008 and 2018 ranging in strength from tropical storms to Category 5 hurricanes

313 (Table 1 and Figure 2).

314
315 Table 1. Tropical cyclones whose wind fields intersected Florida and maximum category strength (2008-
316  2018).

Year | Storm (Maximum Category Strength)

2008 | Gustav (Cat. 4)

2009 | Claudette (Tropical storm), Ida (Cat. 2)

2010 | Bonnie (Tropical storm)

2011 | None

2012 | Beryl (Tropical storm), Debby (Tropical storm), Isaac (Cat. 1), Sandy (Cat. 3)
2013 | Andrea (Tropical storm)

2014 | None

2015 | None

2016 | Colin (Tropical storm), Hermine (Cat. 1), Julia (Tropical storm), Matthew (Cat. 5)
2017 | Emily (Tropical storm), Irma (Cat. 5)

2018 | Alberto (Tropical storm), Gordon (Tropical storm), Michael (Cat. 5)

317
318 Compared with many prior studies that use aggregated data at an annual or national level (e.g.

319 Schumacher and Strobl, 2011; Skidmore and Toya, 2002), this study uses the monthly and county level
320 data to analyze the impacts of tropical cyclones at a finer granularity. This finer granularity can be

321 exploited to examine critical questions about the timing and duration of the impacts of tropical cyclones on
322  the tourism economy. In addition, this granularity also allows comparison of the differential impacts of
323  tropical cyclones on waterfront destinations, as compared to inland tourism economies that are sheltered
324  from the most dangerous impacts of cyclones—namely storm surge driven flooding.

325

326 A challenge inherent in this analysis is that some portions of a county may receive tropical storm winds,
327  while another part receives hurricane force winds or stronger. To address these challenges, the indicator
328 (labeled TCi) takes a value of 1 during the month (t) in which any tropical cyclone wind field impacted
329 each county (i), and a 0 in all other months. That is, if any portion of a county encountered a storm’s wind
330 field of at least tropical storm-force winds, that county is considered “impacted” and registers a value of 1

331 during the month in which the impact occurred. Furthermore, gross sales were corrected for inflation

14
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using the CPI (and converted to million $USD for ease of interpretation). Florida’s state level monthly

unemployment rate was included as a control for macroeconomic factors.

Lagged tropical cyclone indicators were also introduced to explore medium and long-term impacts on the
tourism economy. Lags were assigned on a monthly basis and ranged from one to six months after each
cyclone. Additionally, the sample was split by using a coastal indicator that takes a value of 1 for coastal
counties (bordering either the Atlantic Ocean or the Gulf of Mexico). The coastal indicator takes a value of

0 for inland counties.

Several approaches to consider monthly lags were applied in order to evaluate impacts on a longer-term
basis than simply the month in which tropical cyclones impacted Florida. Initially, an 18-month lag model
was tested, followed by scaling down to 12-month, 9-month, and 6-month models. Specifications
incorporating the various monthly lags yielded similar results to the final model specification with a 6-
month lag. A major issue with the models incorporating longer time lags (9-month, 12-month, and 18-
month) is that they have the potential for overlapping with the following year’s hurricane season. Thus a
model using a 6-month lag was selected. Results from the 9-month, 12-month, and 18-month lag models

are available upon request.

3.3. Econometric models

Various model specifications were tested to determine the best model fit for each of the two subsamples
(coastal vs. inland counties) and the pooled sample of all counties: a county-fixed effects model, a
county- and time-fixed effects model, and a random effects model. In all models, county is coded as a
categorical indicator, and in the fixed effects models unobserved variations across counties are controlled
for. The county-fixed effects model is represented as:

Tourismy = By + 1 Xm=4 TCit—m + B2FLUnemp, +y; + u (1]
Where the dependent variable Tourism;; is gross sales in million $US aggregated across the six
aforementioned tourism economy sectors for county i in month t; TC;,_,, is a binary indicator of the

occurrence of a tropical cyclone in county i at month time-step lag t — m; FLUnemp; is the statewide

15
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unemployment rate in month t; y; is county fixed effects, and u;; is a normally distributed error term,
independent across the observations. Finally, g,, 8, and 8, are parameters to be estimated. The county-
and time-fixed effects model can be written as:

Tourismy = By + B1 2m=o TCit—m + BoFLUnemp, +y; + 6, + uy; [2]
All variables are the same as in Equation [1] above, save for the addition of 8, which represents monthly
time-fixed effects. The random effects model is specified as:

Tourismy = By + By 2m=8TCit—m + BoFLUnemp, + w; + €;; , [3]
where w; represents random heterogeneity specific to county i and ¢;; represents independently

distributed random errors for all observations.

4. Results

The three econometric models were tested separately for the inland and coastal subsamples as well as
for the pooled sample of all counties. A series of tests were conducted to identify the preferred
econometric models. First, we used the Durbin-Wu-Hausman (DWH) endogeneity test, which evaluates
whether the unique errors are correlated with the regressors, to determine whether a random effects
model was preferred over a fixed effects model (Hausman, 1978). The null hypothesis of the DWH test is
that there are no systematic differences between the random effects and the fixed effects estimators,
namely:
W = (Bre — Bre)'S ™ (Bre — Bre) ~ X2 (k) (4]
If W is statistically different from zero, the null hypothesis is rejected, indicating that the fixed effects
estimator should be used. Second, a joint test was performed to test whether time-fixed effects were
needed in the fixed effects model by checking whether the parameters associated with the indicators for
all months are statistically different from zero. The null and alternative hypotheses are:
Hy: 0, =0V0
Hy:60; #0
Lastly, we conducted a modified Wald test for heteroscedasticity to determine whether ‘sandwich’
estimators (i.e. heteroscedasticity-robust standard errors) were needed in the fixed effects model (Baum,

2000). The null hypothesis and alternative hypothesis are:
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Hy:0%(i) =0 for i =1,N,
Hy:c?() #0

Where ¢ is standard deviation, ¢?2 is variance, and N, is the number of counties.

4.1. Pooled Sample

Parameter estimates for the three models using the pooled sample are very similar in both magnitude and
statistical significance (Table 2). The tropical cyclone indicator (TC:), as well as the lag indicators for the 3
months following a cyclone are all significant. For the county and time fixed effects model, only the
tropical cyclone indicator and lags through the second month following the storm are significant.
Parameter estimates indicate smaller losses in this model compared to the county fixed effects and the
random effects models. All models yield statistically significant parameter estimates for Florida’s
unemployment rate and constant, with expected signs.

Table 2. Pooled Sample regression results for three model specifications (TC: indicates the happening of
a tropical cyclone in month t).

Variable County fixed effects Cofl_mty and Time Random effects
ixed effects
TC! -14.5948*** -10.1459** -14.5932***
(4.0842) (3.8341) (3.0715)
TCu -13.0668*** -12.23*** -13.0655***
(4.1859) (4.1469) (3.0656)
TCw -8.5298** -6.9257* -8.52862***
(3.5272) (3.6128) (3.06721)
TCus -5.9144** 3.2361 -5.9079*
(1.8512) (2.4979) (3.1778)
TCus -0.0784 -3.9209 -0.0738
(1.5689) (3.6487) (3.2019)
TCus 0.5237 -0.8109 0.5279
(1.5172) (2.8634) (3.1801)
TCus 4.6567 4.2046 4.6609
(2.9363) (3.8551) (3.1905)
Florida -10.4962*** -15.5933*** -10.496***
unemployment (2.3327) (3.2442) (0.2604)
Constant 225.1978*** 250.4045*** 225.1952***
(17.0319) (21.9912) (28.5108)
R-squared
within 0.1759 0.2138 0.1759
between 0.0072 0.0024 0.0072
overall 0.0101 0.0124 0.0101

***p<0.01, **p<0.05, *p<0.10, Standard error in parenthesis
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The DWH test for the pooled sample yielded a p-value of 0.0032, rejecting the null hypothesis of a
random effects model being the preferred option, and indicating that a fixed effects model should be
used. A joint test to determine whether the indicators for all months are equal to 0 yielded a p-value less
than 0.00, rejecting the null hypothesis and indicating that time-fixed effects are needed in this case.
Finally, a modified Wald test for heteroscedasticity yielded a p-value less than 0.00, rejecting the null

hypothesis of constant variance and indicating that heteroscedasticity-robust standard errors are needed.

Based on these test results, a fixed effects regression with time-fixed effects (Equation [2]) and
heteroscedasticity-robust standard errors was found to be the preferred model for the pooled sample of
all counties in Florida. In this preferred model, coefficient estimates for Florida’s unemployment rate and
the constant were significant (at the 1% level) and with expected signs. The tropical cyclone indicator
(TCy) was significant (at the 5% level) and suggested an average per county loss of $10.1 million during
the month in which a tropical cyclone impacts Florida. Effects of cyclones on the tourism economy also
persist for a second and third month, as shown by the statistically significant one- (at the 1% level) and
two-month (at the 10% level) lag indicators, which suggests average impacts of $12.2 million and $6.9

million in the two months following a tropical cyclone.

4.2. Coastal Counties

Akin to the pooled sample of all counties, parameter estimates for the county fixed effects and the
random effects models using the coastal counties subsample are similar in both magnitude and
significance (Table 3). The tropical cyclone indicator, as well as the indicators for the 3 months following a
cyclone are all statistically significant. For the county and time fixed effects model, only the tropical
cyclone indicator and lags through the second month following the storm are significant. The estimates in
the county and time fixed-effects model suggest smaller losses than in the other two models. All models’
parameter estimates for Florida’s unemployment rate and the constant are statistically significant with
expected signs.

Table 3. Coastal sub-sample regression results for three model specifications (TC: indicates the
happening of a tropical cyclone in month t).
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Variable County fixed COL.mty and Time Random effects
effects fixed effects
TC! -20.5129*** -12.5266** -20.5131***
(6.5003) (5.6536) (4.8064)
TCu -21.9394*** -16.5855** -21.9397***
(7.3777) (6.1792) (4.7997)
TCw -13.882** -9.7018* -13.8821***
(6.0893) (5.4984) (4.8026)
TCus -8.8646*** 6.6026 -8.8584*
(3.213) (4.7196) (4.9622)
TCus -1.0283 -7.807 -1.0247
(3.1445) (5.5793) (5.0361)
TCus -0.6464 -2.6669 -0.6447
(2.3565) (3.9293) (4.9671)
TCus 5.8638 3.8927 5.8652
(4.2966) (4.6417) (4.981)
Florida -14.9268*** -22.6079*** -14.9268***
unemployment (3.4283) (4.8467) (0.4006)
Constant 321.1863*** 361.5346*** 321.1851***
(25.0706) (34.5781) (44.6087)
R-squared
within 0.2570 0.3186 0.2570
between 0.0005 0.0002 0.0005
overall 0.0165 0.0205 0.0165

***p<0.01, **p<0.05, *p<0.10, Standard error in parenthesis

The DWH test for the pooled sample yielded a p-value of 0.0208, rejecting the null hypothesis of a
random effects model being preferred, and indicating that a fixed effects model should be used. A joint
test to determine whether the indicators for all months are equal to 0 yielded a p-value of 0.00, rejecting
the null hypothesis and indicating that time-fixed effects are needed in this case. Finally, a modified Wald
test for heteroscedasticity yielded a p-value less than 0.00, rejecting the null hypothesis of constant

variance and indicating that heteroscedasticity-robust standard errors are needed.

The findings reveal that the county and time fixed effects (Equation [2]) model with heteroscedasticity-
robust standard errors was preferred for the coastal counties subsample. In this model, coefficient
estimates for Florida’s unemployment rate and the constant were significant (at the 1% level) and with
expected signs. The tropical cyclone indicator was significant (at the 5% level), suggesting an average
per county loss of $12.5 million during the month the tropical cyclone occurs. Persistent effects for the 2
months following the cyclone are also evident in the coastal subsample, with average losses of $16.6
million and $9.7 million respectively in the first (at the 5% significance level) and second (at the 10%

significance level) months following a storm. Notably, losses to the coastal tourism economy are larger in
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the month after the tropical cyclone than in the month in which the cyclone occurs. This may indicate a
difference between immediate and short-term physical impacts (e.g. storm surge, business closures,

cleanup, etc), and longer-term, persistent impacts to the reputation of the destination (Becken et al.,

2013).

4.3. Inland Counties

In the models that use only the inland counties subsample, parameter estimates for the three model
specifications are similar in magnitude, but differ in the level of statistical significance (Table 4). The
tropical cyclone indicator is significant in the county fixed effects and random effects model, but not in the
county and time fixed effects model. Interestingly, the county fixed effects model yields significant and
positive estimates for the parameters indicating the fourth and fifth month post-storm lags. In contrast, the
county and time fixed effects model yields significant and positive estimates for the third and fourth

months post-storm, but not for the tropical cyclone indicator itself. In all models, Florida’s unemployment

rate and the constant are statistically significant and with expected signs.

Table 4. Inland sub-sample regression results for three model specifications (TC: indicates the happening

of a tropical cyclone in month t).

County fixed

County and Time

Variable effects fixed effects Random effects
TC! -7.4659* -7.5208 -7.4606**
(4.0897) (4.7667) (3.5213)
TCu -3.0753 -4.7312 -3.0707
(1.9508) (3.2934) (3.5131)
TCw -1.9843 -1.7172 -1.98
(1.6637) (2.7106) (3.5142)
TCus -2.0889 2.0393* -2.0811
(1.6644) (1.1662) (3.6439)
TCua 1.6359** 3.6817* 1.6437
(0.7944) (2.1447) (3.6527)
TCus 2.7871* 5.0216 2.7652
(1.2887) (3.0329) (3.6549)
TCus 5.0077 8.2992 5.0162
(3.8222) (5.8761) (3.6682)
Florida -5.5464* -7.1124* -5.5459%**
unemployment (2.9101) (3.7703) (0.3035)
Constant 119.1371*%** 122.0294*** 119.1316***
(21.006) (22.3282) (33.2229)
R-squared
within 0.0883 0.1042 0.0883
between 0.0119 0.1519 0.0111
overall 0.0050 0.0063 0.0050

***p<0.01, **p<0.05, *p<0.10, Standard error in parenthesis
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The DWH test for the inland county subsample yielded a p-value of 0.0402, rejecting the null hypothesis
of a random effects model being the preferred option, and indicating that a fixed effects model should be
used (Table 3). A joint test to determine whether the indicators for all months are equal to 0 yielded a p-
value of 1.00, failing to reject the null hypothesis and indicating that time-fixed effects are not needed in
this case. Finally, a modified Wald test for heteroscedasticity yielded a p-value less than 0.00, rejecting
the null hypothesis of constant variance and indicating that heteroscedasticity-robust standard errors are

needed.

Test results suggest that a county fixed effects model (Equation [1]) with heteroscedasticity-robust
standard errors was the preferred model for the inland counties subsample. In this model, coefficients for
Florida’s unemployment and the constant were statistically significant (at the 10% and 1% levels,
respectively) and with expected signs. The tropical cyclone indicator was significant (at the 10% level),
which suggests an average per county loss of approximately $7.5 million in the month of the storm.
Somewhat surprisingly, there is indication of a significant and positive bounce-back effect (at the 5%
level) with increases in gross tourism related sales in the fourth and fifth months post-cyclone,

respectively averaging $1.6 million and $2.7 million.

4.4. Visual Overview of Preferred Models

Visual inspection of the impact of cyclones on Florida’s tourism economy in the months post-cyclone
reveals interesting patterns. Taking a holistic view of all counties (Fig. 3A), there is a clear decline in
gross sales by tourism-related businesses in the month of a tropical cyclone, but this reduction is much
sharper for coastal counties than for inland counties (Fig. 3B and 3C). There is also an indication of a
bounce-back or recovery effect, as tourism related sales seem to increase three months after a cyclone.
It is important to note that this recovery effect is not statistically significant in coastal counties. In addition,
the range of confidence intervals for coastal counties as well as the pooled sample is quite stable

regardless of the time elapsed since a cyclone’s occurrence.
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494 Figure 3. Mean effect of tropical cyclones on the tourism economy. Panel A shows average impacts over

495  time for the pooled sample; panel B for the inland county subsample; and panel C for the coastal county
496  subsample.
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498 5. Discussion

499
500 Negative impacts or losses in revenue due to tropical cyclones occur in the short term across the board,

501 as expected. A mean monthly loss in revenue of $10.1 million in the pooled sample of all 67 counties,
502 combined with mean monthly losses in revenue of $12.5 million in the coastal counties subsample,
503  suggest that coastal counties are bearing the brunt of tourism-related losses when a tropical cyclone
504 impacts Florida. The comparatively smaller mean monthly impact of tropical cyclones for the inland

505 counties subsample ($7.5 million) further supports that finding. It might be the case that coastal counties
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experience a larger disruption to tourism than inland counties due to the increased chances of mandatory
evacuations from areas threatened by storm surge, which lie predominantly along the Atlantic and Gulf
coastlines (FRPC, 2012). For example, during Hurricane Dorian in 2019 (outside of the study period), 26
Florida counties were placed under a state of emergency by the governor on August 28 (Executive Order
Number 19-189, 2019) and the following day the order was expanded to all counties in the state
(Executive Order Number 19-190, 2019). While the storm did not make a landfall in Florida, tropical storm
strength winds were experienced in the state on September 2", Labor Day, and continued through
September 4™ (Mazzei et al., 2019). During this time, mandatory evacuations were issued for low-lying
coastal areas, closing beaches to residents and tourists alike, and attractions throughout Florida closed

temporarily (Gibson, 2019).

Beyond the initial impact, comparison of the trajectory of tourism recovery after tropical cyclones clearly
shows that there are differential impacts between coastal and inland areas. Both the initial shock in the
month of cyclone occurrence, and the long-term negative impacts in the months following, are much more
severe for coastal counties than for inland counties both in terms of magnitude and duration. While
coastal counties experience relatively large negative impacts for at least two months post-cyclone, inland
areas experience smaller negative impacts, and these impacts are noticeable only in the month of
cyclone occurrence. Besides this marked difference in the occurrence of negative impacts on tourism
sales, there is also a remarkable difference in terms of recovery or bounce-back effects between coastal
and inland counties. Namely, visual inspection of the results (Figure 3) show that there was a bounce-
back or recovery effect for coastal counties three months after cyclone occurrence, but this effect is not
statistically significant. In contrast, inland counties experienced a marked, statistically significant bounce-

back or recovery effect beginning four months after a cyclone and lasting for a period of two months.

Coastal counties appear to exhibit a negative reputation effect in terms of a hit to the destination’s image
that is not as apparent for inland counties. While both inland and coastal destinations experience the
physical effects (e.g. business closures, cleanup, etc) in the month of the storm, coastal counties

experience a reputation effect persisting for 3 months, suffering a loss in tourism revenues that is similar
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in magnitude to the loss associated with short-term physical impacts. Policy interventions to mitigate the
impacts of tropical cyclones, such as government grants or loans for clean-up and rebuilding, tend to be
geared toward physical impacts. However, given that our results show that in coastal areas there is a
reputation effect that persists for months, there is arguably a need for longer-term relief to address the

impacts of the reputation effect.

The findings suggest several policy and management implications towards a destination’s recovery from
a tropical cyclone. As tourism plays an important part in Florida’s economy, policymakers need to be
aware that there will be an acute need for economic relief among tourism operations immediately
following a tropical cyclone and up to 2 months after. It may be possible to decrease the number of lags
with negative impacts, or shorten the recovery period, with aggressive and creative marketing to restore
the destination’s image. For example, Visit Florida marketing efforts post-hurricane Irma featured articles
and ads both domestically and internationally along with a coordinated social media campaign to
demonstrate what areas of the state were open for business and promote the recovery efforts (Visit
Florida, 2017). However, this calls for further research to examine what impacts, if any, marketing efforts

may have.

While this analysis allows an assessment of the magnitude and duration of the differential impacts of
tropical cyclones on the tourism economy of coastal and inland areas in a mature destination—as proxied
by gross sales in tourism-related sectors—it can provide only limited insight into why there is a systematic
difference in the impacts of tropical cyclones between inland and coastal counties. Namely, we can infer
that the systematic differences observed between inland and coastal destinations are associated with the
higher exposure to tropical cyclones of waterfront areas, but it would be difficult to use this analysis to
provide further explanations. To do so, it would be necessary to build a panel database that includes
characteristics of individual counties (beyond presence of coastline) that could explain systematic
differences in the impacts of tropical cyclones. Such a database could include county-specific factors that
may potentially explain systematic variation in tourism response to tropical cyclones such as physical

infrastructure, social vulnerability (Emrich and Cutter, 2011) and resilience indicators (Cutter et al., 2010).
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Similarly, it is likely that the impacts of tropical cyclones differ among destinations in different stages of
the tourism area life cycle. Therefore, inclusion of emerging destinations in the exploration or
involvement stages, as well as mature destinations in consolidation and rejuvenation stages, could
provide important insights into the differential impacts of tropical cyclones on destinations at different

stages of the tourism area life cycle.

One limitation of this study pertains to the tropical cyclone indicator itself, as it only accounts for the
occurrence of tropical cyclones while, in essence, overlooking their intensity. While several alternative
identification strategies were considered, we found that, given the relatively short span of available data,
a single binary indicator provided the most reliable strategy to identify the impacts of tropical cyclones.
Preliminary analyses used a categorical indicator that identified storm strength (based on maximum storm
category) and a categorical indicator that distinguished between tropical storm and hurricane strength
wind fields, but due to the relatively small number of events in each category, that approach did not yield
satisfactory estimation results in terms of identifying impacts of cyclones to the tourism economy. Besides
there being too few events in each category to provide significant results for a storm strength indicator,
the indicator itself was unreliable due to the nature of the wind swath data. This exploratory process also
revealed two additional rationales for selecting a binary indicator. First, due to the way that the publicly
available wind swath shapefiles were constructed, storm strength could not be accurately determined for
cyclones beyond Category 1 winds. The publicly-available wind swath shapefiles use three thresholds to
indicate maximum sustained wind speed: 34 knots (Tropical Storm), 50 knots, and 64 knots (Category 1
Hurricane) (Emrich et al., 2020), which limits the ability to model high intensity events. Future availability
of more detailed wind swath data that differentiates between multiple wind speed categories—similar to
the Saffir-Simpson scale—would allow an estimation of differential impacts across tropical cyclone
intensity levels. Given a way to differentiate intensity, it is expected that there would be some differences
in the magnitude of the impacts across intensity levels, which may be more pronounced with Category 4
or 5 storms due to storm damage resulting in extended business interruption. Second, while it was

possible to distinguish tropical storms from hurricanes, there were multiple instances of portions of
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counties being affected by both tropical storm and hurricane strength winds in a given storm, requiring an

arbitrary judgment be made as to how to classify a particular storm for a given county.

Additionally, future research should consider variation through time by using finer data for both tourism
revenues and tropical cyclones. Granularity of revenue data in terms of time is particularly important for
development of precise estimates. For example, this analysis considers the month of tropical cyclone
incidence as TC: regardless of how far into that month the cyclone occurred. Thus, it is unable to
differentiate TCt months in which a cyclone occurred in the first week of the month, and those in which a
cyclone occurred in the last week of the month. Weekly, or even daily, revenue data would allow
analyses that estimate impacts with increased precision, and would give a more detailed picture of the
impacts of tropical cyclones on the tourism economy. The more detailed picture would give better insights
into short-term impacts and recovery or bounce-back effects, and shed light on the potential effectiveness

of future policy responses.

Another direction for future work is conducting interviews and large scale surveys with tourism
stakeholders designed to probe on their perceptions, impacts, and coping strategies in the face of tropical
cyclones, as this would allow characterizing the extent of all impacts (beyond revenue losses). In
addition, such efforts may provide the qualitative information needed to better characterize where short-

term losses from business interruption stop and longer term losses due to reputation effect begin.

Further examination of differential spatial impacts (e.g. nearest neighbor versus distant counties) may
help shed light on whether neighboring counties immediately outside a cyclone’s wind field benefit from a
recovery period as well as whether there is a deflection of leisure tourism demand to distant counties.
Similarly, multivariate panel data models that examine the differential impacts of tropical cyclones on
tourism in contrast to other industries such as agriculture, construction, and health care, may provide
insights regarding the resilience of tourism relative to other industries. A similar analysis could also be
conducted to examine differences in impacts among the six tourism component subsectors to explore

which types of tourism firms are most impacted.
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6. Conclusion

This study estimated the revenue losses to 6 sectors in Florida’s tourism economy due to the occurrence
of tropical cyclones between 2008 and 2018. Based on the pooled sample of all 67 counties in Florida,
USA, mean losses were estimated to be $10.1 million during the month of the storm and $12.2 million in
the month following the storm. Comparing the coastal and inland county subsets, coastal counties had
mean estimated losses of approximately $12.5 million in the month of the storm and persistent effects for
the following 2 months, with average losses of $16.6 million and $9.7 million in the first and second
months following a storm, respectively. In inland counties the tropical cyclone indicator was significantly
different from zero for the month of the storm as well as the fourth and fifth months post-cyclone, with
estimated losses of approximately $7.5 million and a positive recovery impact in the fourth ($1.6 million)
and fifth ($2.7 million) months. These results suggest that Florida’s coastal counties are most impacted in
terms of tourism-related losses, and suggest there is a reputation effect that disproportionately affects
waterfront destinations. The approach presented here is flexible and could be used to measure the
impacts of cyclones on other outcome variables of interest that vary across discrete spatial units, such as

hotel occupancy rates (by city or county) or passenger arrivals (by airport).
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