ABSTRACT

NAUMENKO, ALEXANDRA VASILIEVNA . Three Essays on Nonmarket Valuation of the Air and the
Sea. (Under the direction of Dr. Roger von Haefen).

This dissertation consists of three essays that use nonmarket valuation methodology to answer
three distinct questions on environmental topics. The first essay evaluates how the value of coastal
recreational fishing varies across time and space. Using the East and Gulf Coasts of the United
States as my case study, I find that there is considerable variation within years (i.e., seasonality)
but that the value is surprisingly consistent across years. My results also reveal substantial spatial
heterogeneity across the United States, with the Southeast United States exhibiting the highest
economic value. The second essay also uses recreational shoreline fishing as the study context and
aims to estimate nonmarket losses in Southwest Florida that result from the harmful algal blooms
of the toxic dinoflagellate Karenia brevis, commonly referred to as “red tide.” Using respiratory
irritation indices as an indicator for a red tide event, I find evidence that anglers substitute away
from sites experiencing red tide conditions both spatially and temporally. Experimentation across
alternative definitions of the spatial extent of the market reveals that the welfare losses associated
with red tide are more substantial for locals. The third essay examines how housing prices change in
response to the implementation of the Regional Greenhouse Gas Initiative which imposed substna-
tial new regulations on coal-fired power plant emissions. The results suggest a positive treatment
effect, with the greatest gains being concentrated in close proximity to the coal plants. Sensitivity
analyses revealed that nameplate capacity and historic emissions are important determinants of
the magnitude of the treatment effect. Collectively, these three essays contribute to the literature on
nonmarket valuation and offer insight into how changes in the environment affect markets and

consumer welfare.
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CHAPTER

1

INTRODUCTION

Many environmental goods and services, such as clean air and water, and the activities that
depend on them, are not traded in organized markets. This poses a unique challenge for researchers
trying to assess the value of such goods and services. In the absence of a market exchange with
observable prices, researchers employ specialized nonmarket valuation methods to determine
values that would be directly comparable to other estimates of costs and bene ts in an economic
evaluation, often in the form of willingness to pay (WTP) (Champ et al., 2003). Although nonmarket
valuation techniques can be applied to stated preference data, all three essays of this dissertation
use revealed preference data that is grounded in observable choices.

Nonmarket valuation has gained signi cant traction as the Environmental Protection Agency
(EPA) established bene t-cost analysis as a stringent requirement in its regulatory review process
(EPA, 2000). Despite this increase in application of nonmarket values in policy making, how the
nonmarket value, or consumer surplus, of outdoor recreation has changed over time as well as across

space remains poorly understood. My rst essay (Chapter 2) aims to |l this gap in the literature by



examining trends in the per trip value, or consumer surplus, of coastal recreational shing over a
thirteen-year period from Maine to Louisiana. Leveraging data from NOAASs Marine Recreational
Information Program (MRIP) for approximately 300,000 shoreline angling trips to sites along the
Atlantic and Gulf Coasts from 2004 to 2016, | estimate how the value of a coastal recreational trip
varies across time and space. A repeated discrete choice model of recreational participation and
site choice is estimated separately by region (New England, Mid-Atlantic, Southeast, Florida and
Gulf Coast) and two-month period to determine the value of a trip. My results suggest considerable
within-year heterogeneity, but surprising stability across years. The per trip value of recreational
shing was largely unaffected by the Great Recession, although | nd some evidence that per trip
values have increased modestly during the recent expansion. Further, my results reveal substan-
tial spatial heterogeneity across the United States, with angling trips in the Southeast having the
highest economic value. Collectively, these results deepen our understanding of the temporal and
spatial dimensions of recreational angling and may assist government agencies working in sparse
data environments when transferring bene t estimates from one region and point in time to an-
other. These results contribute to a growing effort in the literature to construct a comprehensive
database of nonmarket values across various dimensions in order to facilitate bene t-cost analyses
on reoccurring environmental issues.

My second essay (chapter 3) also examines nonmarket values associated with coastal recre-
ational shing, but speci cally targets the welfare changes that result from the harmful algal blooms
of the toxic dino agellate Kerenia brevis, commonly referred to as “red tide.” Within a random
utility maximization (RUM) framework , | estimate willingness to pay to avoid red tide conditions
under alternative modeling assumptions. Monetizing the bene ts of red tide mitigation can help
inform how many resources should be allocated towards scienti ¢ research efforts and is valuable
information for coastal managers and policymakers. In this analysis, | nd that the average will-
ingness to pay to avoid red tide conditions for anglers within a two-hour driving distance of sites
in the sample is about $7.95. Aggregated over an estimated number of 28,856 anglers that visited
shing sites experiencing red tide conditions, this adds up to a welfare loss of roughly $229,476

since the beginning of 2018. In a separate welfare estimation strategy that accounts for anglers that



substituted away from red tide impacted sites, the welfare loss is estimated to be even higher at
about $249,409.

My third essay (chapter 4) moves away from the sea and focuses on housing market impacts of
the Regional Greenhouse Gas Initiative (RGGI), the United States' rst mandatory cap-and-trade
program for carbon dioxide emissions, which was implemented in 2009 and covered most states in
the Northeast. Unlike the other two essays, which apply RUM models in estimation, this essay uses
hedonic valuation methods. Several identi cation strategies are employed to uncover how RGGI
affected housing prices. | apply a difference-in-differences framework to compare house valuesin
close proximity to RGGI regulated plants to those farther away, another difference-in-differences
model to compare home values for properties near RGGI regulated coal plants to homes near coal
plants that are not in RGGlI's jurisdiction, a third speci cation that simultaneously controls for
both differences in a triple differences approach. Across all three speci cations, | nd evidence of
increased property values for single family homes due to the implementation of RGGI of about 3.7%.
There is some ambiguity about whether RGGl is good for property values because, while on the
one hand home values may increase in value due to improved environmental amenities, there is
evidence on the other hand that house values can decline due to a labor demand decrease channel
(e.g., (Agarwal et al., 2019)). The results of my analysis suggest that RGGI had a net positive effect on
property values, with the bene t being most substantial for communities in close proximity to the
facilities.

Collectively, all three essays demonstrate how revealed preference nonmarket valuation method-
ology can answer important and policy relevant questions about our natural resources. Monetized
costs and bene ts of our natural amenities, and the goods and services they provide, are essen-
tial components for effective natural resource management. This dissertation contributes to the
important, and growing literature on welfare analysis of our changing environment.

This dissertation proceeds with my rst essay, “Spatial and Temporal Dimensions to the Value
of Coastal Recreational Fishing in US Waters,” found in Chapter 2. Chapter 3 continues with my
second essay, “The Effects of Red Tide on Coastal Recreational Fishing.” The third essay, “Housing

Market Responses to Carbon Mitigation: A Case Study of the Regional Greenhouse Gas Initiative” is



located in Chapter 4 and Chapter 5 brie y concludes the dissertation.



CHAPTER

2

SPATIAL AND TEMPORAL DIMENSIONS
TO THE VALUE OF COASTAL

RECREATIONAL FISHING IN US WATERS

2.1 Introduction

In 2016, President Barack Obama signed into law the Outdoor Recreation Jobs and Economic
Impact Act of 2016 (Outdoor REC Act). The legislation mandates that the contributions of the outdoor
recreation industry, which includes recreational shing, be measured separately from overall gross
domestic product (GDP). In accordance with this new policy, the Bureau of Economic Analysis (BEA)

estimated that the outdoor recreation economy accounted for 2.2 percent ($412 billion) of GDP



in 20161 and grew faster than the overall U.S. economy. For recreational shing speci cally, the
gross output was found to have been consistently increasing every year since 2002. 2 Although these
government estimates suggest the growing importance of the outdoor economy, there is a lack of
information on trends in outdoor recreation's  value from an economic welfare perspective. This
current chapter aims to Il this gap in the literature using coastal shing as a case study.

Generally, thereis con icting evidence on trends in outdoor recreation in the literature. Siikamaki
(2009) conducted a comprehensive study in time use and found that per capita time use in outdoor
recreation has remained constant since 2003. On the other hand, Pergams and Zaradic (2008)
evaluated various forms of nature recreation (e.g., shing, camping, backpacking) in relation to
national and state park visitation in the United States, Japan, and Spain and found a decline in the
majority of categories, and thus concluded a “fundamental and pervasive shift away from nature-
based recreation.” In their study, per capita shing, which was measured in the form of shing
licenses, was found to decline at about 1% per year after a 1981 peak until 2005, the nal year of
their sample period.

In this chapter, and in contrast to past studies that examine recreation expenditures or time use,
| examine the dynamics of the economic value of shoreline shing, a signi cant type of outdoor
recreation, using a travel cost framework. To do so, | take advantage of the 13 years of shingintercept
data collected through the Marine Recreation Information Program (MRIP) of the National Oceanic
and Atmospheric Administration (NOAA).

The MRIP data is collected with the primary purpose of measuring shing activity across coastal
sites on the East and Gulf Coasts, but the data provides information that is conducive to employing
a multi-site, zonal travel cost model (Dundas and von Haefen 2019). Speci cally, the angler origins
(zip code), sampling weights, and the site locations are the essential ingredients for the model.

| apply a repeated discrete choice model of participation and site choice from 2004 to 2016.

In producing this estimate, the BEA takes into account the value of goods and services directly related to outdoor
recreation, referred to as “core goods and services”, plus the value of goods and services that support access to outdoor
recreation. Core goods and services include gear, equipment, fuel, concessions, maintenance, repair, and fees related to
outdoor recreation activities whereas supporting goods and services include travel and tourism, as well as local trips,
construction, and government expenditures.

°The details of the report, but ndings and methodology, can be found at the following URL:
https: // www.bea.gov/ data/ special-topics / outdoor-recreation.



| estimate separate models by year, wave (a two-month period) and ve regions (Gulf, Florida,
Southeast, Mid-Atlantic, Northeast). In the process, | produce 344 per-trip values of coastal shing.
These estimates serve as a useful platform for assessing spatial, socioeconomic, and temporal
patterns in coastal shing value.

My analysis resembles a common method of analysis seen in the bene t transfer literature called
meta-analysis, in which estimates are combined, synthesized, and analyzed from multiple, related
studies (i.e., meta-data) to identify systematic variation in willingness to pay (WTP) of nonmarket
goods and services® (Van Houtven et al., 2007). In the context of environmental commodities, past
researchers have identi ed several methodological factors (study type, survey implementation
method, response rate, question format, treatment of outliers  / protests, and econometric methods)
in addition to environmental and economic factors that drive variation in values across time and
space (Johnston et al., 2006a). By being consistent with my methodological choices and assumptions,
| am able to estimate spatial, temporal, and socioeconomic effects that are not confounded by
methodological factors. My approach is thus similar to internal meta-analyses.

My results suggest that while there is signi cant heterogeneity within a year (seasonality), the
value of recreational shing remains relatively stable across years. Also, | nd that there is hetero-
geneity across regions, although my ve regions could be collapsed into three based on 95 percentile
con dence interval overlap. Although | do not nd year dummies to be jointly signi cant in my
analysis, an alternative speci cation that substitutes logged GDP (real) as an explanatory variable

nds the logged value of a trip is positively correlated with real GDP per capita. | estimate the income
elasticity for coastal shing to be about 0.36, which aligns with several studies that nd that the
value of an environmental good increases with income at an income elasticity that is positive but
less than one (Barbier et al. (2017); Czajkowski and S casny (2010); Jacobsen and Hanley (2009)). |
also nd evidence that average distance traveled in a given period and temperature uctuations
drive values. These ndings provide guidance for how bene t transfers can be conducted across
time and space.

To my knowledge, my study of recreational shing is the most comprehensive in its spatial and

3Commonly, environmental commodities or value of a statistical life.



temporal scale. Prior to my study, the most comprehensive analysis of MRIP data was conducted by
Dundas and von Haefen (2019). These authors use six years of MRIP data to estimate how weather
affects recreational shing participation. Unlike this analysis which uses a national sample of anglers,
the authors restrict their sample to anglers residing in coastal counties, which correspondings
roughly to a 300-mile maximum one-way driving distance. Similarly, the MRIP data was also used
to conduct a detailed travel cost analysis of off-road vehicle restriction policy effects on recreation

at Cape Hatteras National Seashore (Dundas et al., 2018). Alvarez et al. (2014) used the MRIP data
and random utility model framework to evaluate recreational shing losses due to the Deepwater
Horizon Oil Spill on the Gulf and Southeast coasts. In a working paper by Kuwayama et al. (2018), the
MRIP data is used in a travel cost framework to estimate changes in expected nonmarket valuation
from nutrient pollution reductions, which serve as inputs in a second stage hedonic analysis. Haab
et al. (2012) examined the ability of MRIP (formerly Marine Recreational Fisheries Statistics Survey
(MRFSS)) to support single-species models and their analysis found that the data does present
substantial preference heterogeneity across different targeted species.

Also, | am the rstto implement an internal meta-analysis of recreation using a travel cost ap-
proach. However, the literature has made strides in assessing values of environmental commodities
over time in other areas. For example, Klemick et al. (2018) conducted an internal meta-analysis
of property value impacts around the Chesapeake Bay. In this study, 70 hedonic analyses were
conducted across 14 Maryland counties that border the Bay, generating a platform for investigating
across-county heterogeneity in the marginal value of water quality improvements. Their results sug-
gest that the substantial heterogeneity in the housing price /water quality relationship is correlated
with socioeconomic factors and baseline conditions.

This chapter proceeds as follows. Section 2 offers a brief background on nonmarket valuation
and bene t transfer. Section 3 describes the data and Section 4 describes the modeling approach.

Section 5 presents the estimation of trip value results. And nally, section 6 concludes.



2.2 Background

Most environmental goods and services, such as clean air and water, and the recreational
activities that depend on them, are not traded in organized markets. This poses a unique challenge
for researchers trying to assess the value of such goods and services. In the absence of a market
exchange with observable prices, researchers employ specialized nonmarket valuation methods to
determine values that would be directly comparable to other estimates of costs and bene ts in an
economic evaluation, often in the form of willingness to pay (WTP) (Champ et al., 2003). Nonmarket
valuation has gained signi cant traction as the Environmental Protection Agency (EPA) established
bene t-cost analysis as an important input in its rulemaking process (EPA 2000). With the rising
need for estimates of values for environmental amenities as inputs into the bene t-cost framework,
the literature saw an in ux of nonmarket valuation studies and a rapid development of associated
models.

Despite the extensive menu of nonmarket techniques available to researchers, original studies
for unique environmental issues often face prohibitory barriers such as time, funding, or data
constraints. When implementing a primary study is infeasible, researchers may turn to bene t
transfer as a second-best solution. Bene t transfer can be de ned as the “practice of taking and
adapting value estimates from past research ... and using them ... to assess the value of a similar, but
separate, change in a different resource” (Smith and Pattanayak, 2002). However, bene t transfer
validity is threatened by differences in resource, study, and site characteristics between the study
site and the policy site.

In particular for the WTP of environmental commodities, study type, survey implementation
method, response rate, elicitation format, treatment of outliers  / protests, and econometric methods
have all been found to be attributes that account for variation between studies (Johnston et al.,
2006a). In the context of shing, there are two studies that are most pertinent to my study. Johnston
et al. (2006b) conducted a large scale meta-analysis focusing solely on the marginal willingness to
pay for an extra sh. In this analysis, 391 observations were pulled from 48 unique studies between
1977 and 2001, which were derived from a variety of valuation methods and varied in target species,

recreation context, and geographic scope. The authors found that MWTP for an extra sh was



correlated with methodological choices, and that excluding these methodological variables biased
other meta-regression estimates.

This research contributes to the literature by developing a dataset of recreational value estimates
that can circumvent the empirical challenges of reconciling information across different primary
studies. Unlike standard bene ttransfer applications that pull estimates and variables from different
studies, my dataset contains values that were generated by applying the same methodology to
the same commodity, at different points in time and space, thus allowing for a more meaningful
comparison of values. A study by Hicks et al. (2004) also explored regional and temporal variation
using MRFSS data. However, unlike my study, that uses continuous MRIP sampling data, * the
authors' analysis used disjointed year-region datasets. In particular, their analysis focused on two
years of data for the Southeast region (1997, 2000), ve years of data for the Northeast region
(1994, 1996, 1997, 1999, 2000), and one year of data for the Paci ¢ region (1988) using nested
random utility models of joint mode-species selection and site choice. Their ndings showed that
none of the models for a year-region pair were statistically equivalent to any other year-region
pair.°. Although their study examined a similar question as in this present paper, my analysis is
more comprehensive spatially and temporally, uses more modern methodology that controls for
unobserved time varying site characteristics, and explores seasonality in more depth. Considering
the bene t transfer literature has not yet reached consensus on how to transfer bene t estimates
spatially and temporally (Colombo and Hanley (2008); Johnston (2007)), this research offers useful
information about foundational differences in the value of shing trips across regions, seasons, and

years.

“4with the exception of the Northeast and Mid-Atlantic regions, which do not have intercept data for wave 1.
5The Hicks et al. (2004) also differed substantially in scale partially because they relied on the limited add-on data
(discussed in Section 2.3.2)
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2.3 Data

2.3.1 Angler Trips

The angler data for this analysis are obtained from the NOAA's National Marine Fisheries Service
(NMFS) Marine Recreation Information Program (MRIP), formerly the Marine Recreational Fishery
Statistics Survey (MRFSS). Each year, NOAA intercepts roughly 70,000 saltwater anglers at coastal
recreational shing sites (primarily beaches, piers, and marinas) from Maine to Louisiana in two-
month time intervals, or waves. Each year consists of six waves, where wave one represents January-
February, wave two represents March-April, and so forth. MRIP samples all regions and waves except
during winter months, where only Gulf Coast states and North Carolina are sampled during wave
one, and only states south of New Hampshire are sampled in wave six.

Although the main objective of MRIP is to measure recreational catch and participation, this
data is also well-suited for a recreation study. The strati ed random survey design generates a
representative sample of anglers to Atlantic and Gulf Coast sites, and the angler's zip code of residence
is collected. By linking zip code-level demographic data from the U.S. Census' American Community
Survey, the building blocks for a multi-site, zonal travel cost model (see, for example, Dundas et
al., (2018)) are all available. Moreover, the temporal (2004-2016) and spatial (Maine to Louisiana)
scale of the data allows for unprecedented and comprehensive investigation into coastal recreation

shing.

| restricted my analysis to only include shoreline trips. This eliminated shing trips that involved
boating whether from private, rental, or charter / party boats, which represent about 40% of coastal
trips. Since the integrity of my study depends on well-calculated travel costs, | also dropped the
small number of coastal trips ( <2%) that originated from non-civilian (e.g., military) zip codes.

MRIP maintains a comprehensive, online database of publicly accessible recreational shing
sites from Maine to Louisiana called the Public Access Site Register. The shoreline sites reported in
the Public Access Site Register include piers, beaches, and jetties. In a given year, roughly 40% of all
sites are sampled each year. Over the 13-year period, | identi ed 2,475 potential shoreline shing

destinations. Figure 2.1 illustrates the geographic coverage of this sample.
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After cleaning the data, my dataset of intercepted anglers has a total of 290,877 observations. A
detailed breakdown of the number of anglers intercepted by year, wave, and region are shown in

Tables 2.1, 2.2, and 2.3, respectively.

2.3.2 Supplemental Origin Data

MRIP does not consistently collect socioeconomic information with the intercept interviews 6,
In place of such data, | supplement the MRIP data with data from the American Community Survey
(ACS) by merging in socioeconomic variables by zip code 7 and year.®

The zip code level socioeconomic variables selected for the analysis are: (1) population; (2)
population density; (3) median age; (4) average household size; (5) average household income; (6)
percent of the population that is male; (7) percent of the population that is white; (8) percent of
households with at least one child; (9) percent of population with a high school degree; (10) percent
of population with college degree; and (11) the unemployment rate. Since this analysis includes
trips originating from throughout the contiguous United States, 9 every zip code is represented as a
possible origin. To reduce the dimension of the dataset, however, trips originating from zip codes
with a population of less than 500 were reallocated to the nearest zip code with a population greater
than 500. In total, over the 13-year period, the origin sample contains 25,279 possible origins, and a
trip occurred at some point from 13,328 unique zip codes. Figures 4-16 show, in a given year, all the
origins that took at least one trip. Visually, across years, it appears that the set of origins remains
quite stable, with the origin set being dense on the East and Gulf coastlines, but trips consistently

originating from throughout the United States.

SMRIP sends out “add-on" surveys to a sample of intercepted anglers every four to six years. Since the add-on data
is collected via mail surveys instead of during the in-person interview, the response rate is low and many questions go
unanswered, resulting in abundant missing values.

"The Census Bureau collects data based on zip code tabulation areas (ZCTAs) to represent the United States Postal
Service (USPS) zip code service areas. Throughout the paper, | treat the US Census ZCTAs as zip codes given the fact that
in most cases they are the same.

8ACS 5-year estimates data is available for each year between 2011-2016. Since my intercept data begins in 2004, |
back cast the 2011 data to previous years, adjusting income for in ation using state-level CPI indices.

9Hawaii and Alaska are excluded.
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2.3.3 Travel Costs

Accurately estimating the cost of traveling to a recreation site is essential to meaningfully execute
a travel cost model. For many studies, which evaluate an environmentally commodity that is used
primarily by locals, estimating solely driving travel costs for nearby residents in suf cient. However,
the MRIP data contains trips that originate from throughout the contiguous United States for all ve
destination regions, and thus it would be unrealistic to only consider driving as the sole mode of
transportation. In recognition of the possibility that some anglers might choose to y to their beach
destination, travel cost for each origin-destination pair is estimated as a weighted average of driving
and ying costs, where the probability weights are borrowed from the English et al. (2018) study.

In the English et al. (2018) study, survey results showed that for beach recreation on the Gulf
Coast respondents almost always drove for distances under 500 miles, and for driving distances
greater than 1500 miles, the probability of driving went down to roughly 15 percent. Further, the
likelihood of driving is a function of household income and family size, since ying is costlier for
large families sizes and for lower income households. English et al. present a table that shows the
share of visitors that y to their destination for different distance, household income, and family
size bins (see Table 2.5). Because similar MRIP data does not exist, | leverage this data to compute
expected costs of travel for my model. Formally, the expected travel cost,  Cj;; , forindividual traveling

from origin i to destination j attime t is a weighted probability average of the mode-speci c travel

D

costs of driving, Cijt ,and ying, C

”Ft . Given a ying probability of  p;;, the expected travel cost is:

E(Ciji)=(1 pij)CT +pijCf; - (2.1)
For each mode of travel, the opportunity cost of travel time enters the calculation as a means of
monetizing all travel time. | use the common assumption that time cost is equivalent to one-third

of the hourly wage rate (Cesario 1976). To impute an hourly wage for the households in my sample,

| follow common empirical practice and divide annual household income by 2,080, which assumes

a 40-hour work week for every week of the year.

The software PC*Miler was used to calculate the roundtrip travel distance and time between
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each origin zip code and site ( d;; ), travel time ( t;; ), and toll costs ( f;; ) from the centroid of each
origin zip code to all sites in each choice set. 1°

The driving cost was calculated as a function of the driving distance  (d;; ), driving time (t;;), the
opportunity cost of time  (p; ), hotel nights required  (h;; ), cost of tolls (fij ), and party size (n).

The per-mile gasoline cost for each household was determined by dividing the household's
state-level average gas prices in a given year (U.S. EIA) by the nationwide average eet fuel economy
(U.S. BTS). Automobile per-mile non-fuel operation costs (i.e., wear and tear plus depreciation)
were obtained from yearly AAA reports. The sum of these costs for each household determined the
overall per-mile vehicle operation costs ( pgt ).

The number of hotel nights required on a trip was calculated by dividing total driving time
divided by 12, rounded down to the nearest integer. The per-night cost of hotels,  py, is $105 (AHLA,
2013). Formally, the round-trip total cost from origin i to site j attime t is

Pat dij + pnhij + fij
n

cl=2 [ +pitij ] (2.2)
To compute airfare costs for each residence-site pair ( Ci? , I identi ed the four airports nearest
to the angler's residence zip code and the four airports nearest to the trip destination (site). Only
airports with at least 100,000 annual enplanements were selected as to eliminate smaller airports
and those airports that serve a primary purpose other than commercial transportation. Roughly
200 airports were used as origin / destination airports. | calculated round trip ying costs for each

of the 16 origin / destination pairs, and to mimic an angler selecting a ight itinerary frugally, the
least-cost option of the set of 16 itineraries is the ying cost of travel, Ci';t . This cost of yingincludes
7 components: (1) round trip driving costs from the angler’s residence to the origin airport using
equation (2.2); (2) round trip driving costs from the destination airport to the site using equation

(2.2); (3) the opportunity cost for expected ying time (4) overnight parking fees; 12 (5) rental car

Opc*Miler allows for customization. | calibrated the settings sothat  PC*Miler would simulate the most practical route,
which considers factors such as road quality and terrain. Basically, PC*Miler was set to consider the trade-off between
taking the most direct path and staying on major, high quality highways. Also, the program was set to include "discount
tolls," which entails that tolls are not evaded, but are used frugally via services such as EZ Pass.

1A driver is assumed to only be able to drive for a max of 12 hours before needing to stay overnight at a hotel.

2Airport parking costs are $10.25 per night for large airports and $6.07 for small airports and is assumed to be paid for
6.5 nights.
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fees; (6) baggage fees'?® and (7) the airfare.

The airfares were estimated using the Airline Origin and Destination Survey (DB1B), which is
administered by the Of ce of Airline Information of the Bureau of Transportation Statistics. The data
represents a 10% sample of all airline tickets from reporting carriers in the United States each year.
For routes with multiple ight tickets, the ~ 30'" percentile fare was used in order to approximate
non-business fares, which are typically cheaper than business fares. Time costs included time spent
time waiting at the airport (assumed to be two hours), in- ight time (using data from OAG Aviation
Solutions Schedules database), and layover duration (using median layover times from Sabre Airline

Solutions).

2.3.4 Summary Statistics

Table 2.4 reports weighted average measures for median household income, one way driving
distance, and travel costs for individuals who took trips by region and wave. Figures 2.2 and 2.3 show
trends in average distance traveled and incomes of participating anglers over time. Across all seasons,
the summary statistics and Figure 2.3 show that the Mid-Atlantic and Northeast regions consistently
attract anglers from higher-income areas. However, if the average travel cost is interpreted as an
indicator of value, then it appears that the Southeast region has the highest valued trips, followed
by Florida and the Gulf Coast. These differences in travel costs are driven primarily by the average
distance traveled to the sites more so than higher opportunity costs of time, which are derived from
household income. Trips to sites in the Mid-Atlantic and New England regions, in contract to trips
to the more southern regions, are associated with relatively low travel costs, low one-way driving
distances but high opportunity costs of time. Across waves, it appears that trips in January and
February (and, to a lesser degree, March and April) are the most valuable, with anglers traveling
substantially longer one-way distances during these cooler months. Most of these trips are to the
Gulf Coast, Florida, and the Southeast. Variation in travel costs, one-way driving distances and

income are relatively modest across the other waves.

13A $50 baggage fee added to airlines other than Southwest and JetBlue
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2.3.5 Sample Weight Adjustments

An essential component of the study is the use of the sample weights generated by MRIP (Breidt et
al., 2012). The design-based weights are a function of both the probability of the intercept site being
selected, an adjustment for the time of day and time of year, and the probability of being selected
conditional on the site being selected. 1* The method for determining weights was improved in 2012
by incorporating information from another program within NOAA, the NMFS Coastal Household
Telephone Survey (CHTS), which inform the proportions of angler efforts from coastal, noncoastal,
and out-of-state residences. Lovell and Carter (2014) stress the importance of incorporating the
new and improved weights for obtaining accurate travel cost estimates. The weights are crucial
because the site intercept data is collected using a strati ed, multistage design where the selected
sites are determined based on several variables including the site popularity itself, time of year, time
of day, and day of week, and the probability of being selected conditional on the site being selected
(sometimes the researcher cannot interview all anglers observed at a site and thus estimates the
fraction of anglers interviewed). Thus, the distribution of anglers interviewed and site coverage
may re ect the strati ed sampling design more so than angler preferences or actual demand. The
weights are intended to correct for this. In essence, the aggregated weights allow one to extrapolate
from the sample to the general population.

To estimate a travel cost model of recreation trips, these user day weights must be transformed
into trip weights. This adjustment corrects for the disproportionate probability of being selected
into the sample set due to a longer duration of beach presence (i.e., a person on a two-day trip is
twice as likely as a person on a single day trip to be intercepted). As discussed in von Haefen and
English (2015) this can be accomplished by dividing the user day weight by the number of recreation
days per trip. Unfortunately, the number of recreation days is not available in the MRIP data set.
However, it can be estimated using auxillary data from other studies or sub-groups of data from
MRIP.

The total number of days per trip and total recreation days for each angler is not collected in

When researchers are sent to a site do not have the time to interview all observed anglers they account for the
portion of anglers they were able to interview.
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the standard intercept survey process. However, MRIP sends out “add-on" surveys to a sample
of intercepted anglers every four to six years and this survey instrument contains this variable.
Unfortunately, the data is too sparse to be merged and augmented into the intercept data. Instead, |
use the add-on data independently to construct a function that relates days shing to total days away.

| focus on 2011 add-on data because of its extensive geographic and temporal coverage. Regressing

days shed on total vacation days, quadratically, yielded:

DaysFishing = 0.479+0.761 TotalDays +0.002 TotalDays? (2.3)

The data from the English et. al (2018) study on lost recreation days from the Deepwater Horizon
Oil Spill serves as a good proxy for the MRIP data. In this study, the authors administered a national
survey that collected information on whether respondents participated in shoreline recreation along
the Gulf Coast, and if so, collected additional information about the duration of the trip. Though
their target recreator was a more general beach goer (as opposed to speci cally a recreational angler),
the data offers insight into the relationship between distance traveled and duration. Regressing total

recreation days on distance suggested the following relationship:

TotalRecDays=0.816+0.012 Distance (2.4)

Trips within 100 miles driving distance are unlikely to be multiple day trips, so the sample
weights were only adjusted for observations with a distance that exceeded 100 miles. Using the
two steps shown above, | imputed expected shing days for each angler. | then divided the sample
weight for each individual angler by the estimated number of shing days. This adjusted weight

allows for welfare estimates to be interpreted as a per trip value rather than a user day value  1°.

15A secondary weight adjustment would be one that adjusts for the probability of the trip being a primary purpose
shing trip. This will be done in subsequent work.
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2.4 Methods

2.4.1 Analytical Framework

To examine recreational values over time, | apply the random utility maximization (RUM) discrete
choice framework introduced by McFadden (1974, 1998). The RUM model is appealing in this context
because it explicitly accounts for substitution among sites.

The use of the RUM framework for recreation analysis is widespread in the recreation literature.
For instance, Bockstael et al. (1987) employed this framework to assess swimming behavior around
Boston. Similarly, Greene et al. (1997) apply a RUM model to estimate access values for shing sites
in Tampa Bay. Kaoru et al. (1995) used this approach to evaluate the National Estuarine Program’s
effects on sport shing in North Carolina.

To jointly model recreation participation and site choice, | employ a repeated discrete choice
framework, where individual anglers make repeated decisions of whether and where to recreate
across a series of choice occasions (Morey et al. (1993); Morey (1999)). This framework assumes that
the time horizon of choice can be decomposed into independent choice occasions, where on each
choice occasion the individual decides whether to take a trip, and conditionally selects which site
to visit. This framework has been applied in other recreation contexts (e.g., English et al. (2018))
and also performs well in a product differentiation context (e.g., Nevo (2001)). In my application, to
account for heterogeneity across years, two-month waves, and destination regions, | estimate 344
separate models.®

The foundation of the RUM model is that individuals choose the alternative that maximizes
their utility among a set of alternatives. In the case of recreational shing, each angler i =[1,...1]
chooses among J shing sites j =[1,2...J] based on various attributes, including cost of travel and
perceived quality of the site. Angler i selects site over an alternative in the set, h, if site j provides a
higher level of utility. That choice reveals that U;; > U;, forall h 6 j.

However, from the researcher's perspective, many of the factors which effect an angler's utility

18 Although in principle the modeling framework is conducive to explicitly modeling temporal patterns such as habit
formation or variety seeking behavior, the pseudo-panel data used in this analysis prevents such estimation. Thus, in the
context of this paper, the model should be interpreted as effectively, static.
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are unobservable. Thus, the researcher can only specify a utility function that relates observable
site attributes and expenses to the angler’s site choice. Individual i's conditional indirect utility
from choosing site j on choice occasion t can be expressed as a function of travel cost (T Cj;),
site characteristics (X;), angler-speci c characteristics (Z;), and a stochastic error term () which

captures idiosyncratic, random factors:

Vit =U (T Gije » X, Zit s ijt )- (2.5)

It follows that:

Pijt =PUijt > Uik )8k 6 j

=P( ikt ijt <Vijt Vit )8k 8 ].

A diagram of the two-stage nested logit framework that | use in estimation is illustrated in
Figure 2.17. In modeling participating and site selection using the MRIP data, the number of choice
occasions is proportional to the population of each origin zip code, and the number of trips for each
origin zip code / site destination pair is the sum of the weighted trips.

Assuming a generalized estreme value probability density function for ij allows one to evaluate

the probability of angler i selecting site j to be modeled as:

Rjt = PRie(itrip) Py (trip) (2.6)
(2.7)
= Py c I A R (2.8)

j:le ijt eVijt +[ j:le ijt ]
(2.9)

eVijt = P ‘_]_leVijt=( 1)
= - - (2.10)
eviot + :leVijt‘
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with P,,¢ , the probability of an individual not taking a trip at time t, being:

eViot
o

Pot = (2.11)

eVior + T eV
As described in Train (2009), the parameter , referred to as the dissimilarity coef cient, is a

measure of the degree of independence in unobserved utility among the alternatives within a nest.

A high value of  (close to upper bound, 1) is indicative of greater independence and less correlation

relativetoa value closer to the lower bound, O.

2.4.2 Empirical Implementation

The nested logit framework groups all sites into a single nest. Thus, one can think of the decision
process as having two stages where stage 1 models each angler deciding whether to take a trip
and stage 2 models each angler selecting a site among the choice set that maximizes their utility,
conditional on having chosen to take a trip in stage 1. | assume that indirect utility for angler iin
a given wave and region (time t) choosing between staying home or recreating at a site | can be

speci ed separately by stage:

NN o

Zit, Stagel
Vijt = S (2.12)

" ASG + TGy Stagez2,
where Z;; is a vector of socioeconomic characteristics which in uence the participation decision
to forgo taking a trip, ASG,, is a vector of site-speci ¢ controls for unobserved site characteristics
such as species availability and catchrates, and T C;;; isthe expectedtravelcost. can be interpreted

as the (negative) marginal utility of income.
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2.4.3 Value of a Lost Trip Derivation

Consider a standard random utility maximization model setup normalized to a single individual.

The expected value of losing access to site k, V, can be expressed as?’

2 0 13
1 X V]'
V = =4In(exp(vp) In @ xp(vy)+ exp(—) AS,
j=1
where s the dissimilarity coef cient and is the marginal utility of income.

Algebraic re-arrangement of the terms results in the following alternative expression:

2 0 13

14”1 @ e Xp(vo) 5 A5

exp(vo)+ ;. exp()

<
1l

1[In(pr(No Trip))]

1 .
—[In(@ Pr(trip))]

As the probability of a trip approaches 0, one can show that:

li In(1 P - P o,
Pr(t:?;)!on( rtrip)) rtrip)

This implies the following expression for the value of losing access to all sites:

Pr(tri
Vv I’(I’Ip).

Finally, the value of a lost trip can be obtained by dividing the value of losing access to all sites by

the probability of taking a trip, which yields the value of atrip ( VOT) simpli es to:

Pr(trip)

VOT —=
Pr(trip)

17This derivation was generated with input from Dr. Christopher Leggett and Chapter 8 of Haab and McConnell (2002).
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2.5 Results

Using Matlab, | ran separate discrete choice models by region (Gulf Coast, Florida, Southeast,
Mid-Atlantic, and New England), wave (two month time intervals), and year, ranging from the
years 2004 to 2016. The study is designed to estimate 364 estimates, but | was only able to estimate
344. For the models that converged, the travel cost coef cient was always negative and statistically
signi cant. The trip value estimates are plotted over time in Figures 18-20.

Averaging across the entire sample of values, the value of a coastal shing trip is estimated to be
$42, but there is considerable variation across time and space. For the Gulf region, the values ranges
from $15 to $71 with a mean value of $41. Estimates for the value of a trip to Florida ranged from
$22 to $79, with a slightly higher mean of $45. The estimates were greatest for the Southeast, which
had a range of between $31 and $85, with the mean value of $62, which is almost 50% higher than
the overall mean, and is by far the highest estimate. The Mid-Atlantic and New England regions had
the lowest value estimates. The Mid-Atlantic mean was $26 with a range between $11 and $40 and
the New England mean is $31 with the values falling between $9 and $65. With the exception of
Florida, which experienced its highest value is wave 3 (May /June), the regions experienced their
highest values either in wave 4 (July / August) or wave 5 (September/ October). The lowest values
all occurred in waves 1 (January / Febuary) or 6 (November / December), with the exception of the
Mid-Atlantic, which had its lowest value in wave 2 (March /April). So, to generalize, the highest
values were during the warmer summer or early fall months, whereas the lowest values were in the
colder winter months. The pattern of seasonality in the estimates for recreational shing is visually
apparent from the graphs of the results (Figures 18-20).

To detect patterns in the data, | conduct an internal meta-regression. | employ variations of the

following speci cation:
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VOTyy= + y+!,+
+B; HDD,yy+B; CDD,yy

+B3 DiSryw"'B4 II']Cryw"' ryw

where ,! ,and areyear, wave, and region xed effects, respectively, HDD and CDD represent
heating and cooling degree days, respectively, Dis represents the average distance traveled by
intercepted anglers, Inc represents the median income in the intercepted anglers' zip codes, and

nally, .y represents the error term.

The most parsimonious model, consisting of simply xed effects by region, year, and wave, has
an R? value of .68. Controlling for distance brings the R? value to .75. After that, adding controls for
income and weather uctuations increase the variation explained by the model by only a percentage
point. From a bene ts transfer perspective, the practical implication is that in the absence of data
about the population of recreators, accounting for region, year, and season can have considerable
predictive power, however the validity of the transfer can be increased if data can be collected on
the typical distance traveled by the participant.

Regression results (Table 2.6) suggest that the temporal variation in value of a trip stems more
from within year heterogeneity than across year heterogeneity. The year xed effects, for the most
part, are not signi cantly different from zero, and none of the year xed effects are statistically sig-
ni cantly different from each other. 18 However, the results suggest statistically signi cant evidence
of heterogeneity within year (seasonality), as evidenced by the statistically signi cant differences
in wave xed effects coef cients and an F-Statistic of 0.0012 (DF =4) that rejects the null that the
differences in wave xed effect coef cients are statistically different from 0. A clear pattern that
emerges is that warmer months exhibit higher trip values than cooler months.

The results indicate heterogeneity among regions, although instead of all ve seeming to have

distinct values, the lack of statistically signi cant differences among the main speci cations suggests

8Yijelding an F-Statistic of 0.46 (DF =11), the F-test fails to reject the null that the year xed effects are statistically
different from one another.
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that the Mid-Atlantic and New England regions can be grouped together. Moreover, as a robustness
check, | ran the same speci cation for just the Mid-Atlantic and New England regions and, relative

to the Mid-Atlantic region, the model did not yield a statistically different estimate for New England

at the 5% level. As expected, average distance traveled for each region-year-wave is a signi cant
indicator of overall value of the region. Speci cally, on average, a 10-mile increase in average distance
traveled for a region in a given year-wave results in an increase in trip value of $1.81, ceteris parabus.

Running the regression separately for the South (Table 2.7) and the North (Table 2.8) reveals
that seasonality in coastal shing value is experienced more in the South than in the North. On that
same note, trip estimates are more sensitive to weather uctuations in the colder months than the
warmer ones.

The marginal effect of median household income of anglers, across various speci cations, is
consistently not signi cantly different than zero. However, the slight increase in the year effects
coming out of the Great Recession could be an indicator of recreational shing value being sensitive
to macroeconomic variables. In Figure 2.21, the year xed effects coef cients are plotted against
yearly GDP growth measures. In the gure, it appears that GDP growth is a leading indicator for
the value of a trip and that there is a trough in values corresponding to the recession years. To
test this hypothesis econometrically, | added yearly GDP per capita indices for each year to the
main speci cation (results are shown in Table 2.9). After doing so, all of the year xed effects lost
signi cance, but the log of GDP per capita has a statistically signi cant coef cient. | interpret this

nding as suggesting that, in general, recreational coastal shing value is stable over time (when
seasonally adjusted), but slowly increases as GDP per capita increases. 1° This nding aligns with
several articles that nd that the value of an environmental good increases in income (Barbier et al.

(2017); Czajkowski and Scasny (2010); Jacobsen and Hanley (2009)).

9This also provides support that the increase in signi cant year xed effects coef cients after the recession is not
driven by the change in income calculation method discussed in footnote 7.
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2.6 Discussion / Conclusion

Previous research has examined trends in recreational shing participation using park visitation
or shing license data, but in this chapter, | examine temporal and spatial trends in recreational
shing value. By developing a time series panel dataset on this nonmarket good, and eliminating
noise in the estimates by keeping methodological approaches constant, this research produces a tool
that allows for meaningful comparison of estimates across time and space, and further investigation
into macroeconomic or socioeconomic determinants of trip values.

This research is timely as bene ts transfer becomes a more prominent tool in environmental
policy research. The ndings speci cally help inform concerns over the validity of transferring
estimates across time and across regions. Establishing that recreational shing value is relatively
stable over time provides support for the practice of transferring a recreational shing trip value
from a previous study across a wide time horizon. However, my results indicate that this can only be
accurately done if seasonality and regional differences are accounted for. This information will be
especially informative as demand increases for cost bene t analyses for environmental management
policies pertaining to extreme weather event adaptation, nutrient runoff management, algae blooms,
and other threats to beach conditions and shing quality.

Although allowing for long distance in the model sheds important insights on nonmarket values,
doing so does pose some complications. For example, one caveat is that there is an increased
likelihood that long-distance trips are not for the primary purpose of recreation. To improve the
accuracy of the estimates, | will use MRIP add-on data to estimate the probability of trips involving
different driving or ying distances being a primary purpose recreation trip, and adjust the frequency
weights accordingly. There is also much to be gained from experimenting with how | de ne the
regions in the model. Switching the regions to, for example, the four sheries management council
regions, could increase the navigability of my ndings for policymakers and other researchers. In
addition to increasing compatibility with the sub-regional agencies, experimenting with different
region assignments will add more dimensions to the panel dataset this research aims to generate.
Lastly, although restricting the data to a homogeneous sample of recreational, shoreline anglers

served an important purpose for the internal meta-analysis, there is merit to exploring trends in
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values for the other categories of anglers (e.g., boating) as well, in addition to other forms of outdoor
recreation, such as hiking, swimming, camping, and hunting. The modeling framework developed

in this chapter could be applied in these other recreational contexts.
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Table 2.1: Distribution of Observations Across Years

Year Freq. Percent

2004 23,338 8.02
2005 21,168 7.28
2006 20,508 7.05
2007 23,071 7.93
2008 23,102 7.94
2009 21,505 7.39
2010 25,228 8.67
2011 24,697 8.49
2012 26,669 9.17
2013 22,787 7.83
2014 19,733 6.78
2015 19,555 6.72
2016 19,516 6.71
Total 290,877 100

Table 2.2: Distribution of Observations Across Wave

Wave Freq. Percent Cum.
1 15,881 5.46 5.46
2 36,768 12.64 18.1
3 69,235 23.8 41.9
4 72,628 2497 66.87
5 61,139 21.02 87.89
6 35,226 12.11 100

Total 290,877 100
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Table 2.3: Observation Distribution over Region

Region Freq. Percent

Gulf 22,116 7.6
Florida 88,435 30.4
Southeast 98,647 33.91
Mid-Atlantic 47,769 16.42

Northeast 33,910 11.66
Total 290,877 100
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Table 2.4: Summary Statistics of Anglers by Wave and Region

Region Wave MedianHH Inc Dis (One-Way) Travel Cost
Gulf 1 51,992 278 165
Gulf 2 51,089 161 98
Gulf 3 50,796 144 83
Gulf 4 51,730 148 91
Gulf 5 50,529 131 79
Gulf 6 50,601 165 98
Gulf All 51,088 161 96

Florida 1 54,922 303 149

Florida 2 55,170 267 137

Florida 3 53,559 153 85

Florida 4 54,899 172 98

Florida 5 52,809 119 66

Florida 6 53,161 180 96

Florida All 54,118 197 104

Southeast 1 58,631 193 126
Southeast 2 54,766 235 149
Southeast 3 54,381 259 158
Southeast 4 57,734 252 164
Southeast 5 54,088 236 146
Southeast 6 54,168 193 119
Southeast All 55,273 241 151
Mid-Atlantic 2 72,657 49 37
Mid-Atlantic 3 73,357 71 48
Mid-Atlantic 4 75,966 77 55
Mid-Atlantic 5 75,053 72 51
Mid-Atlantic 6 75,299 62 48
Mid-Atlantic All 74,775 70 50
New England 2 71,084 48 32
New England 3 68,865 84 56
New England 4 73,425 148 100
New England 5 72,311 108 72
New England 6 74,043 49 37
New England All 71,928 114 77

Note: The median household income, distance, and travel cost columns report weighted
averages for all anglers (years 2004-2016) intercepted at a given region during a given wave.
In the case where wave is de ned as “all,,” the table reports overall weighted means for
the region.
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Table 2.5: Probability of Flying

One-way driving distance HHInc $70k, HHInc > $70k, HH Inc  $70k, HH Inc > $70k,
Family Size 2 Family Size 2 Family Size > 2 Family size > 2
250 Miles 0 0 0 0
> 250 Miles & 500 Miles 0 0.03 0 0
> 500 Miles & 1000 Miles 0.168 0.338 0.056 0.201
> 1000 Miles & 1500 Miles 0.736 0.788 0.443 0.784
> 1500 Miles 0.842 0.88 0.842 0.88

Note: HH Inc = household income; Family Size = total number of adults and children in the
household; These gures were obtained from English et al. (2019).
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Table 2.6: Value of a Trip Marginal Effects

VOT VOT VOT

year=2005 2.519 2.918 3.521
year=2006 1.661 1.920 1.808
year=2007 2.656 3.611 4.314*
year=2008 4.711* 4.201* 4.170*
year=2009 1.257 2.543 2.247
year=2010 -3.373 -0.885 -0.00729
year=2011 0.248 1.906 2.550
year=2012 -0.00820 2.521 3.166
year=2013 4.318 5.405** 5.661**
year=2014 4.708* 5.756** 6.095**
year=2015 4.487 4.165* 5.622**
year=2016 3.491 2.891 4.109*
reg = Florida 3.744%  7.486***  8.454***
reg = SouthEast 19.88*** -2.522 -2.318

reg = Mid-Atlantic -17.20*** -13.54***  -20.58***
reg = NewEngland -12.03*** -9.074**  -19.5]***

Mar/ Apr 4.823** 3.612* 6.078*
May/ June 11.36***  8.491*** 18.01**
July/ Aug 18.60***  14.26***  29,94***
Sept/ Oct 9.987**  7.107*** 13.63**
Nov/Dec 2.384 1.745 3.847*
dis 0.178**  (0.181***
avgHdays -0.00172
avgCdays -0.0439***
median_HH_inc 0.254

N 344 344 344
R2 0.6789 0.7464 0.7576

*p< 0.10, ** p< 0.05, *** p< 0.01.
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Table 2.7: Value of a Trip Marginal Effects for the South /Gulf Only (Gulf, Florida, Southeast)

vot
year=2005 1.872
year=2006 1.398
year=2007 2.228
year=2008 2.465
year=2009 -0.629
year=2010 -3.457
year=2011 0.743
year=2012 2.194
year=2013 6.451**
year=2014 4.120
year=2015 6.358**
year=2016 2.745
reg = Florida 8.608***
reg = SouthEast 2.232
Mar/ Apr 15.26%**
May/ June 29.36***
July/ Aug 34.82***
Sept/ Oct 21.46%**
Nov/ Dec 7.212**
dis 0.153***
avgHdays 0.0269**
avgCdays -0.0108
median_HH_inc 0.114
N 221
R? 0.4471

*p< 0.10, ** p< 0.05, ** p< 0.01.
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Table 2.8: Marginal Effects for the North (Mid-Atlantic and New England)

vot
year=2005 4.186
year=2006 2.015
year=2007 5.105
year=2008 5.666*
year=2009 3.523
year=2010 -0.563
year=2011 0.990
year=2012 1.388
year=2013 2.448
year=2014 4.725
year=2015 -0.279
year=2016 3.759
reg = NewEngland 5.187
May/ June -8.417
July/ Aug -2.558
Sept/ Oct -3.910
Nov/ Dec 2.007
dis 0.565***
avgHdays -0.0315*
avgCdays -0.0251
median_HH_inc 0.224
N 123
R? 0.6783

*p< 0.10, ** p< 0.05, *** p< 0.01.
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Table 2.9: Robustness Check: GDP per Capita

Ivot
IGDPperCap 0.356*
year=2005 0.109*
year=2006 0.028
year=2007 0.085
year=2008 0.098
year=2009 0.057
year=2010 -0.010
year=2011 0.046
year=2012 0.002
year=2013 0.067
year=2014 0.031
year=2015 0.026
reg = Florida 0.203***
reg = SouthEast -0.040

reg = Mid-Atlantic =~ -0.445***
reg = NewEngland  -0.503***

Mar/ Apr -0.038
May/ June 0.290
July/ Aug 0.694***
Sept/ Oct 0.198
Nov/ Dec 0.014
dis 0.004***
avgHdays -0.001**
avgCdays -0.172%**
_cons -0.173
N 344
R? 0.7177

*p< 0.10, ** p< 0.05, *** p< 0.01.

34



Figure 2.1: The 2,475 sites in the choice set, disaggregated by region.
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Figure 2.2: Average distance traveled over time by region.
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Figure 2.3: Average participating angler income over time by region.

Figure 2.4: Angler Origins in 2004 (Red denotes trips within 100 mi traveling distance)
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Figure 2.5: Angler Origins in 2005 (Red denotes trips within 100 mi traveling distance)

Figure 2.6: Angler Origins in 2006 (Red denotes trips within 100 mi traveling distance)
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Figure 2.7: Angler Origins in 2007 (Red denotes trips within 100 mi traveling distance)

Figure 2.8: Angler Origins in 2008 (Red denotes trips within 100 mi traveling distance)
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Figure 2.9: Angler Origins in 2009 (Red denotes trips within 100 mi traveling distance)

Figure 2.10: Angler Origins in 2010 (Red denotes trips within 100 mi traveling distance)
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Figure 2.11: Angler Origins in 2011 (Red denotes trips within 100 mi traveling distance)

Figure 2.12: Angler Origins in 2012 (Red denotes trips within 100 mi traveling distance)
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Figure 2.13: Angler Origins in 2013 (Red denotes trips within 100 mi traveling distance)

Figure 2.14: Angler Origins in 2014 (Red denotes trips within 100 mi traveling distance)
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Figure 2.15: Angler Origins in 2015 (Red denotes trips within 100 mi traveling distance)

Figure 2.16: Angler Origins in 2016 (Red denotes trips within 100 mi traveling distance)
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Figure 2.17: Nested Logit Structure

Figure 2.18: VOT Estimation Results by Wave
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Figure 2.19: VOT Estimation Time Series

Figure 2.20: VOT Estimation Results by Region
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Figure 2.21: Year Fixed Effects and GDP Growth Overlap
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CHAPTER

3

THE EFFECTS OF RED TIDE ON COASTA
RECREATIONAL FISHING

L

3.1 Introduction

Harmful algal blooms of the toxic dino agellate  Karenia brevis, commonly referred to as “Florida
red tide," or simply “red tide,” have plagued the Florida Gulf Coast for over acentury.  * However, these
blooms have been increasing in frequency, intensity, duration, and geographic coverage (Alcock
(2007); Nierenberg et al. (2009); Kuhar et al. (2009)). This has important implications for Florida's
marine economy as this ecological disturbance threatens the recreation, tourism, and commercial
sheries sectors.

Recently, several studies have documented economic losses associated with red tide blooms.

1According to https: // www.visit orida.org /resources/ crisis-preparation / red-tide-information, red tides were docu-
mented in the southern Gulf of Mexico as far back as the 1700's and along Floridas Gulf Coast in the 1840's.
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For example, a study examining seven years of daily data from three beachfront restaurants found
that, on average, daily revenue reductions amount to about 14% or 15% in the presence of red tide
conditions (Morgan et al., 2009). Similarly, a time-series model of aggregated restaurant and lodging
sector data in two Gulf communities in Northwest Florida during the years 1995-1999 revealed that
a red tide event resulted in monthly business losses of 35% and 29% for restaurants and hotels,
respectively (Larkin and Adams, 2007). A University of Florida industry report (Morgan et al., 2008)
surveyed administrators across nine Florida Gulf Coast counties regarding clean-up costs associated
with red tide events and reported that the clean-up costs for a single event amounted to as much
as $250,000. Despite the in ux of studies reporting revenue losses as a result of red tide blooms,
the literature lacks direct welfare effects. To my knowledge, the only other work that examined
welfare effects of red tide blooms was the study by Alvarez et al. (2019) which estimated changes in
consumer surplus from reduced boating access. Using a random utility maximization (RUM) model
of launch ramp and on-the-water destination selection, the authors estimated a total welfare loss of
$3 million from the 2018 blooms in Lee County.

This study lls a signi cant gap in the literature by being the rst to estimate nonmarket losses
to shoreline recreational shermen as a result of red tide conditions. | estimate consumer surplus
reductions associated with the red tide blooms by applying a site choice model within the RUM
framework and combining daily red tide monitoring data with individual shoreline shing data
obtained from NOAAs Marine Recreation Information Program. My study region includes four
counties in Southwest Florida: Collier, Lee, Manatee, and Sarasota. These counties are adjacent to
one another 2 and serve as plausible substitutes due to similar beach conditions and target species.

My ndings suggest that increased levels of respiratory irritation from red tide result in welfare
losses as anglers substitute away from the undesirable conditions both temporally and spatially.
| also estimate large consumer surplus losses associated with red tide events. In my preferred
speci cation which restricts the origins sample to zip codes within a 2-hour drive of any of the
four counties of interest, | estimate the average willingness to pay to avoid respiratory irritation

symptoms from red tide to amount to almost $8 per affected trip. Aggregating across a set of 1,569

2Charlotte County is wedged between Sarasota County and Lee County but not included in the analysis since it is not
a comparable beach destination and not as effected by red tide.
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anglers within a 2-hour drive of any of the four counties and applying angler-speci c frequency
weights yields an estimated welfare loss of $229,476 over a 16 month period beginning in January
of 2018. An alternative approach to measuring welfare losses that more fully takes into account
substitution yields aggregate welfare losses of $249,409.

Recreational shing is of particular importance in Southwest Florida. In 2016 alone, the Marine
Recreational Information Program (NOAA) estimated that upwards of 3.5 million anglers visited
Florida's Western Peninsula, 2 about half of whom traveled from out of state. 4 Though the number
of anglers remains large, the number of anglers visiting the Gulf Coast of Florida has been steadily
declining since 2014 (see Figure 3.1). Considering that the algal blooms have been getting worse
over time, the approximately 15% decline in anglers could be attributed to the worsening red tide
conditions. Figure 3.3 displays the number of days of red tide (as depicted by the respiratory irritation
measure reported by the Mote Marine Laboratory) that each of the four counties experience in
recent years. From this gure, it is evident that beach conditions have been declining since the start
of 2018.

Concerns about beach quality due to red tide aligns with the ndings of Morgan et al. (2010) that
70% of beach goers residing in Manatee and Sarasota counties reacted to red tide conditions in 2000
by shortening, postponing, or relocating planned beach trips to avoid red tide conditions. Similarly,
another study found a 21% reduction in daily attendance at Lovers Key State Park, the 4th largest
Florida state park, when the phrase, “red tide," appeared in local newspapers (Morgan et al., 2011).

As red tide blooms continue to plague Western Florida, assessing the welfare losses associated
with worsening red tide conditions is becoming increasingly important to policymakers and coastal
managers. Quantifying substitution patterns, both spatial and temporal, is also important for shap-
ing optimal red tide management strategies which aim to take into account beach congestion
uctuations that occur as a result of a red tide event. The ndings of this study can be especially
useful for researchers and policymakers seeking to monetize the bene ts of preventing or controlling

red time blooms.

3The region is referred to as "West Florida" in NOAASs database.
4This data was obtained using the MRIP query tool accessed via https: // www.st.nmfs.noaa.gov / recreational- sheries /
data-and-documentation /queries/index. Data was only available up to 2016 at the time of query.
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The rest of the chapter proceeds as follows. Section 2 describes the literature on Florida red
tides. Section 3 summarizes the data used for this analysis. Section 4 describes the RUM framework
utilized in this study. Section 5 presents the empirical estimation strategy. Section 6 describes the

welfare analysis approaches. Section 7 presents the results, and nally, section 8 concludes.

3.2 RedTide

The toxic dino agellate, Karenia brevis produces brevetoxin, which is a powerful neurotoxin
that has been linked to a wide set of negative impacts in beaches and surrounding communities. For
example, red tide is known to cause sh kills and marine mammal and sea bird deaths. Florida red
tides have also been linked to neurotoxic shell sh poisoning in humans from contaminated seafood
consumption. Another consequence of human exposure to Florida red tides is respiratory irritation
from the inhalation of toxic aerosols (Kirkpatrick et al., 2006). As red tide cells are broken down by
wind and wave action and the toxins are spread in the air and sea spray, the near-shore air becomes
contaminated. An epidemiology study conducted by Backer et al. (2003) with 129 participants during
two separate red tide events in Sarasota and Jacksonville, FL found that that individuals exposed
to aerosolized brevetoxins experience both upper and lower respiratory symptoms, and possibly
in ammatory symptoms. ° The contaminated air has been linked to symptoms such as coughing,
eye irritation /tearing, nose discomfort, and sneezing (Pierce et al., 2005).

Fleming et al. (2011) conducted a comprehensive literature review of human health effects from
Florida red tide exposure and noted that the research suggests that while the respiratory symptoms
tend to be relatively short-lived (present only during exposure), the harmful aerosols could pose a
signi cant threat for individuals with pulmonary vulnerabilities. For example, a cohort of asthmatic
individuals was found to exhibit “objectively measurable adverse changes in lung function” from
exposure to red tide conditions in a study by Fleming et al. (2007). In a separate study by Kirkpatrick
et al. (2006), rates of emergency room admissions in Sarasota, FL were compared over a 3-month

period during an active red tide bloom to an identical 3-month period the following year when red

5In ammation was characterized according to the proportion of in ammatory cells to the number of epithelial cells
present in nose and throat swabs.
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tide was absent. The study found a signi cantly higher rate of respiratory diagnoses admissions

(about 50%) among coastal residents during the period when red tide was present. Moreover, rates
of admissions were consistently higher for all four subcategories of respiratory diagnosis examined
(pneumonia, bronchitis, asthma, and upper airway disease) among coastal residents during red

tide events.

However, it may be the case that respiratory side effects of red tide exposure are mostly short-
lived. In a study conducted by Backer et al. (2005), 28 healthy lifeguards who are occupationally
exposed to red tide events were evaluated for pulmonary function before and after 8-hour work
shifts that fell during a red time event and outside one. Although there were substantially higher self-
reported respiratory symptoms during a red tide event, the researchers did not observe any impact
of aerosolized brevetoxins exposure on pulmonary function after the lifeguards were separated from
the toxic environment.

Although exposure to noxious air is the primary pathway | link to recreational shing partici-
pation, the other consequences of red tide are likely to impact participation as well (e.g., sh kills
make shing sites less attractive). And, for those shermen who take their catch, contaminated sh
would be unappealing. Because unfavorable respiratory conditions are likely to be highly correlated
with these other conditions, respiratory irritation level as the variable of interest can be thought of

as a proxy for red tide's negative impacts in general.

3.3 Data

Daily data on red tide conditions were provided by the Mote Marine Laboratory (MML) for the
time period spanning January 2014 to April 2019. ® MML monitors red tide conditions via “citizen
sentinels,” which are, in most cases, local lifeguards. These citizen sentinels report, on average twice
per day, beach conditions such as whether dead sh are observed, wave height, wind direction,
and respiratory irritation levels (the variable of interest in this analysis). The irritation levels are

based on observed symptoms of beach goers and are reported and coded based on the following

5There is additional data dating back to as early as December 2011. However, the sample period for this analysis
starts in the beginning of 2014 because red tide conditions were not observed for intercepted anglers until 2018 and
Collier County data was not collected until the end of 2016.
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four-tiered scale:
1. “none" (no coughing noted);
2. “slight" (a few coughs and sneezes within 30 seconds);
3. "moderate” (a cough /sneeze heard every ve seconds);
4. “high" (continuous coughing and sneezing heard every ve seconds).

This information is posted online in real time at MML's “Beach Condition Reporting System" (BCRS)
website” and is available to the public via a cell phone app.

Although MML monitors several counties, Collier, Lee, Sarasota, and Manatee counties were
selected for this analysis because they are among the most severely affected by red tide blooms
and because of their close proximity and similar beach characteristics. 8 For each county there are
multiple monitoring stations located at different beaches, so | aggregate the daily monitoring station
data to the county level. °

The collection of red tide reports in a given day for a given county were converted into a daily
binary indicator by averaging across monitoring stations within a county. This was done by applying
a two-step process. First, daily means of all respiratory irritation reports for each county were
calculated. 1% Next, these daily averages were recoded into a binary indicator equal to one if the
average was greater than or equal to 2.5. The 2.5 threshold serves as a dividing point between when
beach conditions are thought to be red-tide free or too light to expect an effect and when red tide
conditions are likely in uence angler behavior.

Angler data are obtained from NOAAs Marine Recreation Information Program (MRIP), formerly
the Marine Recreational Fishery Statistics Survey (MRFSS). Throughout the year, MRIP intercepts

roughly 70,000 saltwater anglers at coastal recreational shing sites (primarily beaches and piers)

"https: // visitbeaches.org.

8MML also collects data for Escambia, Franklin, Gulf, Okaloosa, and Pinellas County.

9Collier County has four monitoring stations, Lee County has ten monitoring stations, Manatee County has two
monitoring stations, and Sarasota County has six monitoring stations.

10The citizen sentinels report, on average, twice per day, so because of the balance in number of reports per station,
this estimate is roughly equivalent to what would result from calculating a mean per station followed by calculating the
mean across stations.
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from Maine to Louisiana. For this analysis, | restricted the sample to all shoreline shing trips to the
four counties of interest that originated from a zip code in Florida at or belowthe 30 " parallel north,
which corresponds roughly to Gainesville, FL. This restriction keeps the sample set of anglers within

a reasonable driving distance and implies that most trips are single-day trips. Once matched on the
daily level to the red tide monitoring data, this produces a sample of about three to six thousand
angers in a given year.

From the MRIP data, | was able to obtain the year, month, and day that each interview took place,
the zip code of the angler's residence 11, the sampling weight for each angler 2, and the latitudinal
and longitudinal coordinates of the shing destination. The geographic scope of the data is displayed
in Figure 3.2.

Since respiratory irritation from aerosolized brevetoxins is felt predominantly on the shore,
| restricted my sample to only shoreline recreational shermen and dropped observations that
involved private rental or charter boats.

The most speci ¢ detail about each angler's origin available in the MRIP data is the zip code
of residence. For this reason, the zip code centroids are used as the angler's point of origin in the
travel cost estimations. There are multiple sites in each destination county. To determine a “central
site” for each county, | used arcGIS to identify a weighted destination coordinate by county that
was based on the popularity of the various sites in each county visited by the anglers in the sample.
Then, | measured the travel distance and time from all origin zip codes to that central site using
PC*Miler. An important component of travel cost is the opportunity cost of time, which is based
on the recreators' wages. MRIP does not collect socioeconomic information during the interviews
S0, as a proxy, | constructed an average wage estimate by using zip-code level median household
incomes from the 2016 American Community Survey and assuming 2080 hours of annual work, or

40 hours per week. 2 The various origins, by county, for the intercepted anglers in my sample are

1Since the integrity of my study depends on well-calculated travel costs, | only kept observations with civilian zip
codes (e.g., observations with military zip codes were dropped).

2The survey design which employs random sampling and assigns frequency weights for each interview generates a
representative sample of anglers. The weights are utilized throughout all the model speci cations.

13The Census Bureau collects data based on zip code tabulation areas (ZCTAs) to represent the United States Postal
Service (USPS) zip code service areas. Throughout the paper, | treat the US Census ZCTAs as zip codes given the fact that
in most cases they are the same.
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displayed in Figures 3.4-3.7.

The round trip travel cost T C;. for each angler i to county c is calculated as:

income 1

Di. G
TCeoyv=2 — Y 4toll,+ =
ey e ' 2080 3

(3.1)

where D; is the one way driving distance, G, is the average gas price in the given year for Florida, 14
and e stands for the fuel ef ciency. °. The opportunity cost of time is used to monetize the value of
time spent traveling to and from the site. | use the common assumption that time cost is equivalent

to one-third of the hourly wage rate (Cesario 1976).

The red tide monitoring data and MRIP angler data were matched at the daily level with the
sample time period spanning January 2014 to April 2019. Although the red tide data is reported
daily (with few exceptions), the MRIP data is more spotty 1 and thus the overlap does not result
in a continuous time series. MML started consistently sampling Collier County in December of
2016, so Collier County is excluded from the choice set in speci cations that include years prior to
2017. For speci cations that include pre-December 2016 time horizons, the additional number of
observations stemming from the other three counties allow for estimating the travel cost coef cient,
however, the more preferred speci cations are either the three-county model (sans Collier County)
for the full time sample, or the four-county model for the post-December 2016 time period.

The merge between the red tide monitoring data and the MRIP data produced 7,925 (11,753,633
weighted) observations. Table 3.1 displayed summary statistics for the anglers. Of the intercepted
anglers, 151 took a shing trip on a day that red tide conditions were present in one of the four
counties (300,193 weighted). 48 (57,287 weighted) trips occurred in a county with noxious air. The
origin sample set contains 346 distinct zip codes. As shown in Figure 3.3, red tide was particularly

problematic after 2018. In fact, all the red tide “treated” observations occurred in 2018 or 2019. 7

vearly gas prices were obtained from the EIA via https: // www.eia.gov/ dnav/ pet/ pet_pri_gnd_a_epmr_pte_dpgal w.
htm

15The average fuel ef ciency for mid-sized cars has been relatively stable at about 24 miles per gallon so that number
was used for the entire sample period.

BMRIP randomly samples about 40% of its sites per year.

"The MRIP site sampling schedule is made at least two weeks in advance and weather factors are not taken into
account when selecting site-days to sample. However, if the weather on the day of the survey sampling assignment is “life-
threatening” the sample can be canceled and there is no allowance to re-schedule due to adherence to the probabilistic
sampling design. So, unless the red tide event was particularly extreme, it is unlikely that the MRIP coverage should be
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3.4 Methodology

To model recreation site choice, | employ a discrete choice random utility maximization (RUM)
model which allows for substitution across multiple destinations (Bockstael et al., 1989). In the
case of red tide, the model captures substitution effects from uctuations in respiratory irritation
conditions.

The RUM framework utilizing MRIP data has been effectively used in a variety of coastal recre-
ation and natural resource damage assessment studies. For example, Dundas and von Haefen (2019)
use this data to execute a travel cost model to examine weather effects on the value of recreational
shing. The MRIP data was also used to conduct a detailed travel cost analysis of off-road vehicle
restriction policy effects on recreation at Cape Hatteras National Seashore (Dundas et al., 2018).
Alvarez et al. (2014) used the MRIP data in a RUM framework to evaluate recreational shing losses
due to the Deepwater Horizon Oil Spill on the Gulf and Southeast Coasts.

In the present context, the RUM framework is used to model the decision of an angler i choosing
among a set of four counties, where the temporal and spatial variability in red tide conditions is
explicitly exploited. Speci cally, an angler i that decides to go shing selects the destination county
c from a set C of alternatives (¢ = 1,2,...C)!® based on attributes such as shing /beach quality,
travel cost (including opportunity cost of time), and current and historic red tide conditions. The
selection of county c over another alternative reveals that the utility from the selected site exceeds
the utility expected from shing at the other ( U;. > U;,) for ¢ & n. The choice set size varies by
observation since there are cases where not all four counties are sampled in the same day by MML.

However, most attributes are not observable to the researcher. Thus, an indirect function of the
observable attributes is composed of a linear combination of the deterministic component ( Vic)
which captures the attributes that are observed and a stochastic component  ( ;) which captures

unobserved factors. Each angler's utility function can be modeled as:

sensitive to algal blooms.

18For each angler, the choice set includes all counties that were sampled that day. Between 2017 and April of 2019,
94% of the anglers were modeled to have the full four-county choice set. and the rest of the 6% of anglers have a choice
set of three counties. Across the entire sample, 99% of anglers have a choice set size of at least three counties.
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Uic = Vic + &¢.- (3.2)

Applying the assumption that the stochastic error terms are independent and identically dis-
tributed Type | extreme value yields the conditional logit model (McFadden, 1974). Under this model,
the probability of angler i selecting ¢ based on a vector of attributes x is speci ed as:

e iXc

Po= P (3.3)
k:].e i Xk

Alternatively, the mixed logit model or random parameters logit model allows for heterogeneity
in preferences. This variation is accounted for by assuming that the parameters are distributed
according to a continuous, parametric distribution  g( : ) (e.g., multivariate normal), with to be

estimated. Mathematically, this can be expressed as °:
z 1

exp int
pj i!Xtv i = PJ
1 k=1€XP Xkt

The utility speci cation for the xed parameter version of Equation 3.2 is composed of four

main parts:

Uict = Vic +&¢ = TGy + RTee+ ¢+ et (3.5)

where , the coef cient on the travel cost variable (as de ned in equation 3.1), is interpreted as the
negative marginal utility ofincome, RT.; represents the variable of interest, the red tide indicator
variable (as de ned in Section 3.3), and . controls for time invariant characteristics of the individ-
ual counties. And again, ¢ is the i.i.d. extreme value random term capturing unobservables. 2°
Because time-speci ¢ controls are differenced out within the RUM framework, the conditional and

mixed logit do not allow for time xed effects (if time is invariant within each choice set). Instead, it

is common practice to interact time indicators with other controls to allow for time-varying hetero-

19For this analysis, the random scale parameter is set to equal 1
20Across all speci cations, | cluster on the zip code level to account for the fact that preferences for cost and red tide
are likely to be correlated within zip codes.
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geneity. However, since the variable of interest, the red tide indicator, has limited variation across
time for the sample, 2% a richer set of interacted xed effects cannot be estimated due to colinearity
constraints.

| also consider a speci cation that includes a one-day lagged measure for the red tide variable.
Including the lag in the equation allows me to examine the degree to which past red tide conditions

at a site in uence current demand. 22 This speci cation is de ned as follows:

Uict = Vic + &¢ = TGy + RTc¢ + RTet 1+ ¢+ ict (3.6)

A negative coef cient on the lag term would imply that unfavorable red time conditions in the
county the day prior to the trip reduces the likeliness of a trip in that county today. In other words, a
negative coef cient would provide evidence of enduring downward pressure of demand as a result
of the presence of red tide previously. Conversely, a positive coef cient would imply anglers are

more likely to take a trip today bafter a red tide event yesterday, i.e., a “rebound effect.”

3.5 Welfare Estimation

For an angler visiting a site experiencing red tide conditions, the willingness to pay (MWTP) to

avoid the unfavorable red tide conditions is retrieved via the (negative) ratio of over

! = —. (37)

This measure, when multiplied by the estimated number of anglers that visited a site affected by red

tide (N), generates the following aggregate compensating variation estimate:

cCS=— N (3.8)

2!Red tide respiratory irritation days are by and large only present in 2018.
2\Work by Moeltner and Englin (2004) has demonstrated that habit formation is an important consideration in a
recreation-based study with time-invariant components.
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Another approach to calculating consumer surplus losses from red tide captures both losses to
anglers who visit sites experiencing red tide conditions and those who subsitute away from those
sites. Consider a policy change that changes deterministic utilities from  V;;; to V, ?t by changing
the choice setfrom J , the baseline conditionsto J © a state where red tide conditions have been
eliminated from all sites. The change in consumer surplus for individual i can then be specied

using the Hanemann (1978) formula:

2 3
. Cy ) - )

CS==4n expV.d,  In expVigt 2. (3.9)
j2y o j2J
Although this method is useful in accounting for substitution between sites, it fails to address
participation. It represents a conservative measure of losses because it does not capture the increased

shing demand after sites are cleaned up from anglers, who, under current conditions, choose to

stay home or pursue an alternative mode of recreation.

3.6 Results

Table 3.2 displays results for the conditional logit model across four different speci cations of
the four-county model. Due to the absence of red tide monitoring data for Collier County, there is an
imbalance in the size of the choice sets for anglers before and after November of 2016. 23 However,
running the model for data prior to 2017 allows me to obtain a more precise travel cost coef cient.
Because of the completeness of the sample in terms of coverage of all four counties, the post 2017
(inclusive) speci cations are considered to be the preferred speci cations.

In Table 3.2, the rst column's results display the estimates for the full sample. The second
column displays results for a subset of anglers that were intercepted after 2017 to account for the
lack of red tide data for Collier County prior to 2017. The third column shows results for a subset of
anglers that could reach any of the four counties in a maximum of two-hour one-way travel time.

This analysis is conducted to isolate the preferences of locals as opposed to anglers traveling from

23pata collection for Collier County is sparse once in its initial months so the speci cations identify the fuller sample
as being on and after 2017.
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further away. And nally, column four displays data for the sub-sample of anglers that are both
within the previously discussed travel distance and intercepted after 2016.

Consistent with economic theory, the coef cients across all four speci cations for the travel cost
variable are negative and statistically signi cant. Three of the four speci cations yield a negative and
statistically signi cant estimate for the respiratory irritation indicator variable with the remaining
estimate negative but insigni cant at the 10% level.

While the mixed logit speci cation supports the previous results in terms of sign direction (see
Table 3.5), the model does not indicate much preference heterogeneity for the red tide indicator
variable. However, this is expected since random coef cient models generally do not generate signif-
icant preference heterogeneity parameters with the data is purely cross-sectional as is the case in my
application (see Klaiber and von Haefen (2019)). Similarly, Haab et al. (2012) try to estimate random
parameter models with the MRFSS cross section and only nd statistically signi cant standard
deviations on the cost coef cients, which they attribute to measurement error. This alternative
speci cation more so serves as a robustness check for the conditional logit analysis, and the results
of the mixed logit model indicate that the conditional logit estimates are indeed robust.

Presumably, there is heterogeneity in demand responses to red tide events across locals and
tourists. This is due to two main reasons: 1) locals are more likely to have better access to information
about red tide conditions through word-of-mouth and local news outlets, and 2) it is probable that
tourists are more picky about the quality of their destination when they have to invest more time and
cost to reach it. To explore this question, as a sensitivity analysis, the four-county coniditonal logit
model for the full time-period of the sample was run under three different travel time thresholds:

2 hours, 2.5 hours, and 3 hours and computed the WTP for each threshold using Equation 3.7.
The results of this analysis are shown graphically in Figure 3.8. The ndings suggest that there is
an inverse relationship between maximum travel time and WTP for avoiding red tide conditions.

| interpret WTP to avoid red tide events declining with an increase is maximum travel time as
indicating that locals are more responsive to red tide events because it is easier for them to adapt.
This nding also supports the conjecture that proximity to the affected coastline makes it more

likely that the angler would be aware of the state of the beaches.
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Table 3.3 presents the same speci cations with the addition of a one-day lag for red tide. Across
all four speci cations, the lagged variable is positive and statistically signi cant. | interpret this as
indicating that there is temporal substitution occurring as a result of the red tide in the sense that
anglers are more likely to delay a trip when they learn about unfavorable red tide conditions. The
general trend of temporally substituting away from undesirable quality changes in recreation can
be thought of as a type of “rebound effect."

Since the inclusion of Collier County as a monitored site was delayed relative to the other
three counties | also run the same models as above sans Collier County, both with and without the
inclusion of a lag variable (see Table 3.4). The signs of these coef cients align with the four-county
model. The rst two columns display estimates for Lee, Manatee, and Sarasota counties for the
years 2014 to 2019 (until April). The third and fourth columns exhibit the same counties and time
span, with the additional restriction of a maximum 2-hour travel time.

The preferred speci cation is column 4 of Table 3.2. Intuitively, it is more likely that locals are
more aware of red tide conditions and factor the air conditions into their site selection decision
and the results of the distance sensitivity analysis support this conjecture. Also, an advantage of
restricting the sample to post-2016 observations is having a balanced dataset for all four counties
within the same speci cation. Using the parameters of the preferred speci cation in equation 3.7,
the estimates yield an average MWTP of $7.95 with a 95% con dence interval ranging between $0.32
and $15.58.2* Totalling this across the estimated 28,865 anglers (weighted) that visited sites with
active red tide conditions, the aggregate welfare loss adds up to about $229,476. 25 When applying the
95% con dence interval, the overall welfare loss for the intercepted anglers (weighted) is estimated
to range between $9,235 and $449,717. Since all the observed trips to a site experiencing red tide
conditions were in 2018 or 2019, this result effectively measures welfare losses over 16 months since
2018.

Using the alternative welfare estimation approach (Equation 3.9), which takes into account

the change in utility from substituting away from red tide conditions, the aggregate consumer

%4The delta method was used for the con dence interval calculation.

25This number only re ects a small portion of days of the year (about 3%) in which MRIP intercepted at least one angler
from a zip code in the sample's origin set so this number would substantially increase if extrapolated to full-calendar
years.
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surplus loss for my (weighted) sample of intercepted anglers rises to $249,409. Nevertheless, this is
a conservative estimate when considering the fact that these models do not account for additional

trips that would occur in the absence of red tide conditions.

3.7 Discussion / Conclusion

The RUM model of site choice revealed that anglers are experiencing welfare losses from red tide
events and that anglers are adapting by shifting the location and timing of their recreational trips
due to red tide conditions. Since the results indicate that sensitivity to red tide conditions was more
apparent for anglers that reside closer to the beach, the preferred speci cation includes anglers
that travel a maximum of two hours. Also, since the data are more comprehensive after 2016, the
preferred speci cation uses only post-2016 data.

In my preferred speci cation, the average MWTP to avoid respiratory irritation conditions on
the beach was estimated to be $7.95. After multiplied by the estimated number of total red tide
affected trips over the MRIP sampling period, the welfare loss is estimated to be $229,476 and is
signi cantly different from zero at the 5% level. Since all the observed trips to a site experiencing red
tide conditions were observed in 2018 or 2019, this welfare measure can be effectively thought of as
the loss in welfare due to red tide events since 2018. The alternative welfare estimation approach, the
ex ante compensating variation approach that takes into account site substitution yielded a welfare
loss estimate of $248,409. This approach simulates the welfare gain that would have occurred relative
to actual realized conditions if red tide had not been present during the study period. Unlike the
red tide monitoring data, the MRIP data is not continuous. In fact, for the four counties of interest
speci cally, on average, only about 3% of the year is sampled. Thus, the welfare estimates estimated
from this analysis of intercepted angler represents a small sub-sample of affected anglers. As a rough
back-of-the-envelope approach, if the MRIP sampling design is believed to generate a representative
sample of shing participation and red tide conditions, then multiplying the welfare loss estimate
of $229,476 by 33.3 (inverse of 3%) would generate a coarse estimate of upwards of $7 million in

welfare losses due to the presence of red tide for 2018 and the beginning of 2019. Considering that
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red tide conditions have been worsening, these numbers may be expected to rise.

When interpreting these results, there are several reasons for caution. First, because of the low
spatial resolution of this analysis, it is likely that the MWTP estimates are a lower bound estimate of
the true impacts of the red tide blooms. 26 Also, my estimates are by nature conservative since red
tide affects more than just the four counties that were included in my sample.

Future work will extend the model to incorporate the participation margin (i.e., account for
additional trips that would be taken if the red tide conditions changed) to produce more compre-
hensive estimates of the bene ts. | will also conduct analyses exploring spillover effects, i.e., whether
certain counties experience disproportionate increases in attendance due to red tide conditions in
a neighboring county. Further work will Il in voids in the temporal scale of the data by estimating
participation levels of days which MRIP has not sampled, which will allow for a more wholesome
yearly estimation of welfare losses to anglers due to red tide.

These ndings contribute to an important, growing literature and could aid policymakers and
beach managers in establishing effective management protocols. Since Florida red tide events have
increased in frequency, duration, intensity, and geographic spread over time, the results are timely
as policymakers seek to gather information on the bene ts of mitigating or controlling red tide
blooms. Furthermore, as there is still much uncertainty about how to prevent or control red tide
events, monetizing nonmarket bene ts of red tide mitigation can help inform how much resources

should be allocated towards scienti ¢ research and prevention efforts.

28|f there was substantial heterogeneity across the coast in red tide conditions for a county, the county-level aggregated
model may not precisely identify within-county substitution patterns.
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Table 3.1: Summary Statistics for Anglers

County Anglers Weighted Anglers Household Distance Travel Intercepted
Income Traveled Cost Anglers on
RT Days
Collier 252 679,709 89,232 (26,957) 39 (57) 29 (35) 0
Lee 2,488 4,481,354 68,083 (16,644) 27 (36) 21 (26) 0
Manatee 2,276 4,110,082 71,501 (20,087) 30 (33) 20 (22) 26
Sarasota 2,909 3,482,373 76,009 (19,004) 20 (24) 14 (17) 22

Note: Standard deviations are shown in parenthesis. The average household income, distance,
and travel cost measures are weighted averages.
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Table 3.2: Conditional Logit Results for Speci cation #1: Four County Model

Full Sample Year>2016

2hr Max

Travel Distance

Year>2016 & 2hr Max

Travel Distance

Travel Cost -0.123 -0.206 -0.190 -0.206
(-11.51) (-9.54) (-9.07) (-6.94)
High Daily Average RI -0.782 -0.386 -1.760 -1.634
(-1.93) (-1.33) (-2.34) (-1.98)
County Fixed Effects YES YES YES YES
Intercepted Anglers 7,925 2,824 4,359 1,569
Log-Likelihood -5,359,617  -2,530,315 -938,534 -694,154

Note: T-statistics in parentheses; ; Standard errors clustered at the zip code level.

*p < 0.10, * p < 0.05, *** p < 0.01.
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Table 3.3: Conditional Logit Results for Speci cation #1 with Lag: Four County Model

Full Sample Year>2016

2hr Max

Travel Distance

Year>2016 & 2hr Max

Travel Distance

Travel Cost -0.117 -0.118 -0.189 -0.205
(-11.56) (-10.67) (-9.13) (-8.30)
High Daily Average RI -1.324 -0.970 -3.927 -3.752
(-2.93) (-2.23) (-3.95) (-3.35)
One Day Lag 1.075 1.203 2.696 2.713
(2.14) (2.42) (2.50) (2.18)
County Fixed Effects YES YES YES YES
Intercepted Anglers 7,925 2,824 4,359 1,569
Log-Likelihood -5,354,458  -3,750,766 -930,642 -685,274

Note: T-statistics in parentheses; standard errors clustered at the zip code level.

p <0.10, p <0.05,

p <0.01.
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Table 3.4: Three-County Model Results

Full Sample Full Sample 2hr Max Travel Distance 2hr Max Travel Distance
Travel Cost -0.135%** -0.135%** -0.202*** -0.201%**

(-10.02) (-10.07) (-8.91) (-8.92)
High Average RI -0.866** -1.400%** -1.984*** -4,101%**

(-2.05) (-2.88) (-2.82) (-4.08)
One Day Lag 1.054** 2.693*

(1.96) (2.38)

County Fixed Effects YES YES YES YES
Intercepted Anglers 6,673 6,673 4,291 4,291
Log-Likelihood -5,359,617 -5,354,458 -938,534 -930,642

t statistics in parentheses; standard errors clustered as the zip code level.
*p < 0.10,** p < 0.05, **p < 0.01
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Table 3.5: Mixed Logit

Coef. Std. Err. 95% Conf. Interval
Mean
Travel Cost -0.25%** 0.07 -0.42 -0.12
High Average Rl Day -3.02** 1.18 -5.44 -0.54
One Day Lag 2.02* 1.04 0.23 4.29
SD
Travel Cost 0.08** 0.04
High Average Rl Day 0.55 0.60
One Day Lag 1.03 2.20

Intercepted Anglers =1,569
Log-Likelihood = -671674

Standard Errors clustered at the zip code level; *p < 0.10, ** p < 0.05, ** p < 0.01.
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Figure 3.1. Annual Estimated Anglers Visiting West Florida
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Figure 3.2: Study Area
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Figure 3.3: Number of Days with Respiratory Irritation per Month
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