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ABSTRACT Increasing the number of insured
assets in high-risk areas can help reduce the
need for federal disaster aid and help com-
munities rebuild quicker following a disaster
event. Offering a bundled multi-peril home-
owners’ insurance product may be one way
to do this. Using individual-level survey data,
we assess demand for a hypothetical multi-
peril insurance product and estimate a mean
annual willingness to pay of $4,397. Both
quantitative and qualitative analysis point to
cost being the primary concern for adoption,
however, reducing cognitive burden and un-
certainty in the claims filing process appear to
be important factors that appeal to homeown-
ers. (JEL Q54, G22)

1. Introduction

In addition to property destruction, human
carnage, and societal upheaval, a natural ca-
tastrophe brings evidence of a growing insur-
ance gap. Globally, natural catastrophe losses
have been trending upward for decades, and
the majority are uninsured losses (Swiss Re
Institute 2019). Figure 1 shows magnitudes of
global insured and uninsured losses from nat-
ural catastrophes since 1970; uninsured losses
dominate insured losses. Figure 2 shows the
ratio of insured to uninsured losses by year,
indicating only one year since 1970 when in-
sured losses were greater. Among developed
countries, insurance rates tend to be higher,
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but a large share of exposed property is still
uninsured. In the United States, total natu-
ral disaster losses in 2018 were estimated at
$81.9 billion, of which $29.6 billion (36%)
were uninsured (Insurance Information Insti-
tute 2019). Increases in market penetration for
catastrophe insurance could reduce the need
for disaster assistance payments (Kousky and
Shabman 2016; Landry, Turner, and Petrolia
2021), reduce uncertainty over recovery in the
wake of disasters (King 2012, 2013), improve
risk pooling for insurance providers (OECD
2016), convey risk information that can
guide more efficient development and invest-
ment decisions (Krutilla 1966; Bin, Kruse,
and Landry 2008), and improve community
and societal resilience in the face of climate
change (OECD 2016).

A potential contributing factor for such
large gaps in insurance coverage is the frac-
tured nature of insurance against natural
catastrophes. In the United States, typical
homeowners’ insurance policies specifically
exclude damages caused by flooding, earth-
quakes, and landslides. Not coincidentally,
these are also some of the costliest natural
hazards. Annualized earthquake costs in the
United States are estimated to be roughly $6.1
billion, with the majority (61%) of costs being
realized in California (Jaiswal et al. 2017). Al-
though substantial, these losses pale in com-
parison to flood-related damages. Between
1980 and 2020, the United States has been
afflicted with 256 major climate- and weath-
er-related natural catastrophes (National
Oceanic and Atmospheric Administration
2020a).! Combined, these events have cost

1“Major” is defined as events that have had total costs ex-
ceeding $1 billion (Consumer Price Index adjusted to 2020).

this article.

7, Appendix materials are freely available at http://le.uwpress.org and via the links in the electronic version of
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Figure 1
Global Natural Catastrophes: Insured versus
Uninsured Losses (US$ 2019)

Source: Swiss Re Institute (2019)
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Figure 2

Global Natural Catastrophes: Insured

Losses as Percentage of Total
Source: Swiss Re Institute (2019)
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the nation $1.8 trillion, of which $1.1 trillion
(62%) is attributable to tropical cyclones and
other flood events.? Given the magnitude of
these risks, insurers have been reluctant to
include them in standard policies, but natural
catastrophes induce other problems as well.
From an underwriter’s perspective, nat-
ural catastrophes can be difficult to indem-
nify, since claims tend to be correlated with
singular events that affect many homeowners
simultaneously (thus, spatially clustered), and
the loss distribution has fat tails (meaning that
the magnitude of loss declines slowly relative
to the probability, as probabilities get small).

2See https://www.ncdc.noaa.gov/billions/summary-stats.
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Diversifying risk across space is one way
to deal with correlated losses; it is unlikely
that a natural catastrophe will affect distant
locations simultaneously. Fat tails typically
require large capital reserves or placement
of reinsurance to cover excess losses at the
time of disaster events (Kousky 2019). For
example, after the Northridge earthquake in
California in January 1994, the total amount
of paid insurance claims exceeded the aggre-
gate premiums collected over the previous 30
years (Insurance Information Institute 2020).

From a consumer’s perspective, there is
clearly confusion over what hazards are cov-
ered by a standard homeowners’ policy. The
Insurance Information Institute’s (2017) Con-
sumer Insurance Survey revealed that 43%
of homeowners mistakenly believed major
rain-induced flooding was covered under
their standard homeowners’ policy. Similarly,
roughly 30% incorrectly believed hurricane
storm surge and earthquakes to be covered
events. Even if they understand provisions of
coverage, many consumers may have limited
information about their personal risk or may
have skewed subjective perceptions of like-
lihood or consequences of risk. U.S. flood
maps are often outdated and do not accurately
reflect risks; FEMA flood maps indicate that
13 million U.S. households face a 1% annual
risk of flooding, while estimates from other
researchers put that number at closer to 41
million households (Wing et al. 2018). Some
consumers harbor unrealistic (overly optimis-
tic) assessments of risk (Eichenberger and
Oberholzer-Gee 1998; Kunreuther, Novemsky,
and Kahneman 2001) that may lead them to
make suboptimal decisions, such as forgoing
insurance coverage (Kunreuther 1996; Chivers
and Flores 2002), and there is some evidence
that expectations of disaster assistance can re-
duce incentives for insurance and mitigation
(Raschky and Weck-Hannemann 2007; Bot-
zen, Aerts, and van den Bergh 2009; Raschky
etal. 2013; Landry, Turner, and Petrolia 2021).
Finally, the hassle of obtaining multiple quotes
for multiple lines of coverage may be enough
to dissuade marginal homeowners from ob-
taining adequate coverage.

Indemnifying all natural hazards in a single
insurance policy is a potential way to address
some of these problems. This idea is often
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referred to as “all-hazards” or “multi-peril”
insurance, and it has the potential to be ad-
vantageous to both homeowners and insurers.
For insurers, multi-peril policies can lower
costs by reducing administrative and market-
ing costs and can reduce risk by diversifying
across hazards (Kunreuther 2018). On the
homeowner’s side (our focus in this article),
multi-peril insurance could be a way to over-
come some of the behavioral biases that cause
some consumers to avoid insuring. Kun-
reuther and Pauly (2004) argue that uncertain
events with a likelihood below a particular
threshold will be ignored by some consum-
ers. Cognitive burden and search costs asso-
ciated with assessing hazards and their man-
agement may be viewed as too high given the
low probability associated with the negative
event. Bundling coverage for multiple haz-
ards may simplify the cognitive process and
increase the likelihood that a homeowner will
experience a natural hazards loss that is cov-
ered by the policy. These factors may be suf-
ficient to increase saliency, which may cross
the threshold level of concern and justify the
cognitive effort and search for an insurance
policy (Kunreuther 2018). Finally, multi-peril
policies significantly reduce the possibility
of legal disputes over the source of damage
(e.g., wind versus water) and should simplify
the claims process, which reduces uncertainty
over settlement and should generally improve
timing of payments.

Multi-peril homeowners’ insurance has
been implemented in other parts of the world,
particularly in European countries. Belgium,
France, Spain, the United Kingdom, Swit-
zerland, and France, as well as New Zealand
and Bermuda, have some degree of multi-
peril homeowners’ coverage available. Risk-
based premiums are still rare among existing
multi-peril insurance schemes (McAneney et
al. 2015; Kunreuther 2018), and adverse se-
lection remains a notable concern (often re-
quiring mandated coverage or public funds
to shore up actuarially unsound programs;
McAneney et al. 2015). In the United States
(and Southeast Asia), multi-peril coverage
must contend with the difficulties associated
with insuring tropical cyclone catastrophes
(Kousky 2011; Bakkensen and Mendelsohn
2016). Although multi-peril hazard cover-
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age has not manifested in the United States,
multi-peril crop insurance is widely available
through the Federal Crop Insurance Program.
A multitude of complicating factors, however,
have been identified that challenge a sustain-
able multi-peril crop insurance market. Both
adverse selection and extensive moral hazard
have been shown to be significant issues (Just,
Calvin, and Quiggin 1999; Wu, Goodwin, and
Coble 2020). In addition, farming tends to be
regionally concentrated, leading to high spa-
tial correlation in risks, which make it difficult
for an actuarially sound private crop insur-
ance market to emerge (Miranda and Glauber
1997).

It is not clear if the same issues that
have afflicted existing multi-peril insurance
schemes would prove to be similarly preva-
lent for multi-peril homeowners’ insurance in
the United States. The empirical literature for
bundled homeowners’ insurance, particularly
in the domain of natural hazards, is extremely
sparse. If multi-peril insurance products are
to be seriously considered as a viable method
for increasing the number of insured assets,
more analysis is needed. It is not clear if there
is sufficient homeowner demand to support
such a product and if this type of insurance
could be offered at a price that is attractive
to consumers yet financially viable for un-
derwriting agencies. Ahmadiani and Landry
(2017) address bundled insurance using
household-level survey data coupled with Na-
tional Flood Insurance Program (NFIP) data
on policies in force. They find positive will-
ingness to pay (WTP) for bundled erosion and
flood insurance for coastal homeowners, but
potential for adverse selection because WTP
is much higher for oceanfront homeowners
(who face the greatest erosion risk). Laury,
Mclnnes, and Swarthout (2008) test the effect
of bundling insurance in a laboratory experi-
ment; they find increasing levels of insurance
purchasing as bundling increases the proba-
bility of loss. Their results suggest, however,
that sensitivity to the loss probability depends
on the way the loss is framed and whether in-
centives are real or hypothetical.> Wang et al.
(2012) present results of a nationwide survey

3Laury, Mclnnes, and Swarthout (2008) suggest shifting
the research focus to other explanations for the insurance
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in China that assesses stated demand for an
all-hazards homeowners’ insurance; they find
that roughly 73% of respondents expressed an
interest in purchasing this kind of coverage.
We contribute to the literature by provid-
ing empirical estimates of the demand for a
hypothetical multi-peril insurance product.
Our empirical analysis is focused on Glynn
County, Georgia, a part of the U.S. East Coast
that, based on recent historical landfall data,
has generally been perceived as lower risk for
hurricanes relative to other parts of the U.S.
Southeast (Needham 2016). The area, how-
ever, was adversely affected by major hur-
ricanes in 2016 (Matthew) and 2017 (Irma).
Thus, we expect coastal storm risks to be par-
ticularly salient among homeowners, although
they may perceive coastal Georgia as lower
risk relative to other areas in the region. Thus,
the setting provides a unique situation to as-
sess multi-peril hazard insurance, since the
risk is perceived as somewhat lower (which
could dampen demand) but is still (arguably)
salient. Using household-level survey data,
we estimate coastal homeowners’ WTP for
multi-peril insurance. We also investigate de-
terminants of adoption through quantitative
and qualitative methods (the latter making use
of free-form survey responses). We estimate
a mean WTP per annum of $4,396. Our qual-
itative analysis reveals that the reduction of
cognitive burden and decreasing uncertainty
are underlying perceptions that induce will-
ingness to adopt multi-peril coverage.

2. Disaster Insurance in the
United States

Insuring homes against natural disaster loss is
a surprisingly recent phenomenon. As recently
as the early 1900s, U.S. homeowners did not
have the option to insure against natural disas-
ters, leaving them completely responsible for
covering any financial damages (Kunreuther
1968). The Red Cross was the first to set up
a mutual insurance pool to ease the finan-
cial burden of natural disasters in 1905; the
pool was funded entirely by private donations

gap, such as moral hazards and high loading factors in in-
surance premiums.
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(2 Red Cross Act 1, 36 U.S.C. 1, 1962). The
federal government became involved in flood
management after the great Mississippi River
floods in 1927, in which 120 levees along
the Mississippi River failed, leaving approx-
imately 600,000 people homeless. In response
to this tragedy, the Flood Control Act of 1928
tasked the Army Corp of Engineers with re-
sponsibility for flood risk management. This
led to a proliferation of flood control infra-
structure in the United States (reservoirs, le-
vees, redirected waterways) in an attempt to
mitigate future flooding. At this time, people
thought that flood insurance would never be
available due to the uncertainty of the risk
and the severity of the damages (Kunreuther
1968).

Before 1938, homeowners had the op-
tion to purchase fire insurance, but coverage
against other forms of disaster was only avail-
able by specifically adding it to the policy
via special riders. In 1938, Extended Cover-
age (EC) became an add-on option for those
holding a fire insurance policy. EC initially
covered perils such as wind, hail, explosions,
riots, terrorism, civil commotion, aircraft
wreckage, and smoke. Initially, EC was pri-
marily adopted in the Midwest, where tornado
damage was common, but in the 1940s severe
storms and hurricanes in other parts of the
country prompted legislation to make EC a
requirement for a mortgage. The provisions of
EC did not cover water damage, despite wind
and water damage being highly correlated. Al-
though EC would indemnify water damage if
the walls were first breached by wind (Moore
1964), discerning which source of damage oc-
curred first can be extremely difficult. This is
known as the attribution problem, and it was
a major issue for claimants and adjusters after
Hurricanes Katrina and Rita in 2005.

The NFIP was created in 1968 as a unified
flood management strategy, with the goals of
reducing flood losses and decreasing public
spending for disaster aid. The NFIP is the
largest federal program covering riverine and
storm-induced flooding. The Federal Emer-
gency Management Agency (FEMA) holds
primary responsibility for creating Flood
Insurance Rate Maps (FIRMs) that are used
to identify flood risk and set homeowners’
premium rates; updating FIRMs to reflect
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changes in land use, rainfall, and storm water
patterns; providing basic regulatory provi-
sions for development in floodplains; and in-
forming the general public of potential flood
hazards (King 2013).

Since its inception, participation in the
NFIP has been low, which has continually
been a threat to the program’s financial sta-
bility. Nationwide, only about 30% of home-
owners in high-risk flood zones (defined by at
least a 1% chance of flooding per year) have
flood insurance policies (Kousky et al. 2018).
In 2018, Congress relieved the NFIP of $16
billion of its debt, reducing it to $20.525 bil-
lion (FIMA 2018). Reasons for insolvency
include inaccurate pricing of risk, dispropor-
tionate revenue sharing with insurance agents
that sell and service NFIP policies (but bear
no risk), and low levels of market penetra-
tion. With regard to the latter concern, FEMA
created several amendments to the NFIP to
try to increase participation. The Flood Di-
saster Protection Act of 1973 required flood
insurance in the Special Flood Hazard Area
(SFHA) for structures with mortgages from a
federally backed financial institution.

Nonetheless, severe flooding in the Mid-
west in 1993 revealed that the mandatory
purchase requirement was poorly enforced, as
many homeowners were out of compliance.
That flood provided the impetus for strength-
ening lender compliance through the manda-
tory purchase provisions in the National Flood
Insurance Reform Act of 1994 (King 2013).
Despite this reform, uptake rates of flood in-
surance are still low, even for those subject to
the mandatory purchase requirement (Kriesel
and Landry 2004; Dixon et al. 2006; Kousky
2010; Landry and Jahan-Parvar 2011; Ahma-
diani, Ferreira, and Landry 2019).

Although the NFIP is a federal program,
individual states have regulatory authority for
catastrophe insurance in their jurisdictions,
and some states have created their own pro-
grams to manage disaster risks. Many pri-
vate insurers have dropped provision of wind
coverage following disastrous storms, and a
number of states on the East and Gulf Coasts
have implemented state-run wind insurance
programs. These programs offer coverage
for tropical windstorm damage for residents
in coastal counties but vary in their funding
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sources, operation, pricing, and risk manage-
ment strategies (Dixon, MacDonald, and Zis-
simopoulos 2007; Kousky 2011; Insurance
Information Institute 2013).

According to the U.S. Geological Survey’s
report, nearly half of all Americans face some
level of earthquake risk (Jaiswal and Fitz-
patrick 2015). Although infrequent in occur-
rence, earthquakes are rarely insured against.
Of the $81.9 billion in U.S. losses posted in
2018, only $500 million were attributed to
earthquakes, and $400 million of those losses
were uninsured (Insurance Information Insti-
tute 2019).* Earthquake damage, like flood
damage, is not covered under a standard
homeowner’s policy. Unlike flood insurance,
earthquake coverage can be obtained through
private insurers for most regions in the United
States. For most of the United States, risks
are relatively low, making private coverage
affordable and feasible to underwrite. One
notable exception is California, which faces
substantially more earthquake risk due to
the San Andreas Fault running through the
state. The California Earthquake Authority
(CEA) was established in response to the
1994 Northridge earthquake, which caused
an unprecedented level of damage and asso-
ciated insurance payouts (Insurance Infor-
mation Institute 2020). In an attempt to limit
exposure, private insurers began writing fewer
homeowner’s policies, leaving many exposed
homes without coverage (Marshall 2018). The
CEA was established as a privately funded but
publicly managed insurance provider to ad-
dress the mounting earthquake insurance cri-
sis. The CEA is by far the largest provider of
earthquake insurance in the United States, but
coverage is only available to California resi-
dents. Kentucky also has a regulatory prefer-
ence for earthquake coverage, requiring insur-
ers to provide optional coverage as part of a
homeowner’s policy (Marshall 2018).

Despite provisions for earthquake cov-
erage, market penetration tends to be low.
Pothon et al. (2019) conclude that there are

4Tropical cyclones, on the other hand, are by far the cost-
liest natural disasters. Of the top 10 costliest catastrophes
ever recorded, 8 were due to tropical cyclones, many of
which saw uninsured losses accounting for up to half of total
losses (Insurance Information Institute 2019).



802 Land Economics

only two extreme situations that would lead
most homeowners to purchase earthquake
insurance: (1) a widespread belief that a
devastating earthquake is imminent, or (2) a
massive decrease in the average annual pre-
mium amount by a factor exceeding six (from
US$980 to $160 (2015 dollars)). Considering
the low likelihood of each situation, they con-
clude that new insurance solutions are neces-
sary to fill this gap.

Today, a typical homeowners’ insurance
policy covers the home, garage, and other
structures on the property, as well as personal
contents on the property. These policies pro-
vide coverage for a wide range of named per-
ils, such as fire, smoke, explosions, lightning,
hailstorms, theft, vandalism, and nonflood-
related water damage. The most common
exclusions are for floods and earthquakes (In-
surance Information Institute 2017). Although
damage from wind storms is cited as one of
the perils covered in the most basic policies,
coastal homeowners may not automatically
have wind coverage and would have to pur-
chase it separately (Insurance Information In-
stitute 2017). This is because of the high risk
of wind damage from tropical storms or hurri-
canes in these areas.

3. Conceptual Model

Analysis of individual decision making under
risk and uncertainty has been an area of ac-
tive research for centuries (Cramer 1728; Ber-
noulli 1738; Von Neumann and Morgenstern
1944). Assessing natural disasters is a more
recent phenomenon. Similar to how other
types of risks are characterized, researchers
and practitioners in risk management often de-
scribe natural hazards as consisting of two pri-
mary elements: the likelihood of occurrence
and the magnitude of consequences (Du and
Lin 2012). The likelihood of a natural disaster
occurring is primarily determined by environ-
mental forces, though human interventions
can have some effects on probability and con-
sequences. For example, public infrastructure
projects can affect the likelihood of flooding,
and changes in the built environment can ex-
acerbate or ameliorate the effects of flooding.
The consequences of natural disasters are also

November 2021

influenced by human behavior and cultural
factors that determine where people are lo-
cated and how they live (Du and Lin 2012).
Last, improvements in technology have pro-
vided for better understanding of underlying
natural processes and more accurate forecast-
ing of disaster events.

Recent publications in the literature on
individual responses to natural disasters has
recognized the potential role of ambigu-
ity, subjective likelihoods, perceived conse-
quences, and expectations of environmental
change and policy responses (Hogarth and
Kunreuther 1985; Wachtendorf and Sheng
2002; Okuyama 2003; Martin and Martin
2017; Landry, Turner, and Petrolia 2021;
Turner and Landry 2020). “Ambiguity” re-
fers to situations where at-risk individuals
have difficulty judging the probability of a
bad outcome (Okuyama 2003). Ambiguity of
natural disasters may arise from infrequency
of occurrence and difficulties in predictability.
At the same time, natural hazards often entail
serious consequences that can result in signif-
icant risk of death, displacement, emotional
distress, and property loss. Moreover, some
natural disasters can be influenced by climate
change, and risk management provisions may
induce moral hazard, prompting people to ig-
nore risks if they expect disaster assistance.
These characteristics render natural disasters
distinct from other socioeconomic risks, in-
troducing many difficulties for standard eco-
nomic analysis, which often assumes perfect
information or common knowledge of risk
probabilities. Decisions regarding natural
hazard insurance are likely to be among some
of the most difficult that consumers face, be-
cause they require homeowners to make in-
dividualized, subjective predictions about the
likelihood and magnitude of rare and unfamil-
iar future events (Schwarcz 2010).

Expected utility theory (EUT) represents
the conventional neoclassical economic ap-
proach to assess risky decisions (Von Neu-
mann and Morgenstern 1944; Moscati 2016).
The EUT framework has seen empirical ap-
plication in analysis of insurance decisions,
measurement of risk tolerance, and estimation
of WTP to avoid risks (Ehrlich and Becker
1972; Schoemaker and Kunreuther 1979; Ny-
man 2001). Alternatives to EUT have prolifer-
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ated in research about decision making under
risk and uncertainty, but most formulations
use constructions that build on likelihood and
consequence (Landry, Colson, and Ahmadiani
2019). We make no claim to use or test any
particular formulation; instead, we estimate a
simple model that incorporates relevant ele-
ments of risky decisions available in our data
set.

We assume that individuals strive to max-
imize some generalized version of subjec-
tive expected utility, but without presuming
any structural form for the decision model.
However, we build our reduced-form model
on standard covariates suggested by EUT
and posit utility as an increasing function of
wealth, U(W,), where W.is the final wealth as-
sociated with event Jj- The expected utility of
an uncertain prospect is obtained by weight-
ing the utility of each possible outcome by the
corresponding probability. Under axioms of
EUT, a rational utility maximizer will prefer
the prospect with the highest expected utility
(Botzen and van den Bergh 2009). Expected
Utility of a prospect can be represented by the
general formula:

EU = Z’;:l

where E; denotes exhaustive and mutually
exclusive events of dimension n; W; the cor-
responding wealth outcomes; P is the prob-
ability of event E;, and U is the utility of
receiving outcome’ W,. Although many for-
mulations focus on 1ncome or wealth, other
consequences, such as death, morbidity, or
unpleasant experiences (e.g., homelessness),
can be included in the utility function. In the
context of insurance, a EU maximizer would
compare EU with and without insurance and
select the prospect with the greatest EU. To
make such a comparison, an individual should
assess their subjective probabilities of disaster
events, know the insurance premium and de-
ductible, and assess expected damages caused
by a disaster.

In accordance with EU theory, estimates of
risk tolerance (also known as risk preference)
are determined by the curvature of the utility
function, U(Wj). If the function is concave,
the EU maximizer is considered risk-averse,
and their WTP for insurance will be increas-

P(EpUW)).
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ing with their level of risk aversion. The de-
gree of risk aversion can be assessed by the
Arrow-Pratt measure of relative risk aversion,
which is given by

_ wlUn
r= W(U'(w>)’

with larger values of y indicating greater risk
aversion. The constant relative risk aversion
(CRRA) utility function is a common formu-
lation in empirical analysis across a variety of
domains (Wakker 2008), and is given by

1-
UW) ==

where p is the coefficient of relative risk aver-
sion (RRA),5 which could take any value
p > 0 for risk-averse agents, while risk-loving
individuals can be described by any p < 0.
Risk-neutral preferences are indicated by
p = 0. CRRA utility has the convenient prop-
erty that the standard Arrow-Pratt measure
reduces to y = p and implies a constant level
of risk aversion with respect to wealth. The
CRRA formulation is relevant for our project,
as our data set includes experimental results
that allow us to classify respondents accord-
ing to their implied CRRA parameter value.
This provides for a test of internal validity in
our regression analysis.

Other potentially important determinants
of WTP for multi-peril insurance include the
subjective perceptions of the likelihood and
consequences of natural disasters, physical
risk measures (e.g., location relative to flood
zones), individual experience with disasters,
and household income. Our data set includes
unique information regarding household ex-
pectations of disaster assistance and their
degree of worry about losing their house to a
natural disaster.

4. Survey Design and Data

The broader research project that supported the
survey was focused on coupled human-natural
systems and coastal adaptation to climate

51n the case of p = 1, the CRRA utility function takes the
form U(W) = In(W).
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change. To provide insight into expectations,
motivations, and preferences of current hous-
ing market participants, the sampling frame
was composed of recent home buyers. Thus,
we sampled from the tax assessor database
for Glynn County, Georgia, focusing on those
that had purchased a home in the previous two
years (2016 or 2017). Because our focus was
on coastal hazards, the sample was refined to
include recent purchases in proximity to the
shoreline (within 10 miles, where the majority
of development is located).

Two small-scale focus groups and a few
cognitive interviews were conducted with res-
idents in nearby Georgia coastal counties in
early fall 2018. Following refinement of the
instrument, the mail survey was launched at
the beginning of October, with a reminder
postcard sent one week later. Households
were instructed to have completed surveys
postmarked by October 31 if they wished to
receive an incentive payment for participation.
In total 1,914 surveys were fielded during Oc-
tober, 266 of which were returned, yielding a
response rate of 13.9%. Appendix Figure Al
provides a map the study area. To incentivize
participation, respondents were given $5 for
a completed and returned survey, although
participants had the option of wagering their
incentive payment as part of a risk preference
instrument included in the survey.

To assess homeowners’ attitudes, expecta-
tions, and beliefs about coastal habitation and
climate change, the survey included a number
of qualitative and quantitative measures. The
data set includes attitudes and opinions about
the coast, insurance information (flood and
wind), subjective probabilities of a Category
3 hurricane and conditional expectations of
the accompanying damage, expectations of
disaster assistance payments, levels of worry
across various domains, experimentally de-
rived measures of risk preference, and basic
demographics. Most pertinent to our analysis
is the survey’s contingent valuation question
about willingness to purchase a hypothetical
multi-peril insurance product.®
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Survey participants were asked to imag-
ine that they had the opportunity to purchase
homeowners’ insurance that would cover any
damage to their home or possessions caused
by flooding, wind, erosion, earthquake, ter-
rorism, or other natural or man-made factors.
Participants were asked if they would pur-
chase this insurance at a cost of $X per $100
of coverage per year; where X differed by
survey version and took on values of $0.50,
$0.75, $1.00, $1.20, $1.45, or $1.80. These
bid levels were selected based on expected
levels of costs and benefits derived from a
multi-peril insurance product and from re-
sponses to focus group prompts. Participants
could respond with “yes,” “no,” or “I don’t
know” and were also prompted to enter an
additional free form response to explain the
reasoning behind their decision.

To help participants calculate the total an-
nual premium they would face for a multi-
peril insurance policy, participants were
shown premiums associated with a series of
coverage levels starting at $50,000 and go-
ing up to $600,000 in $50,000 increments.
Respondents were asked to select the cover-
age level that was closest to the value of their
home and contents to get their hypothetical
multi-peril premium, which was conditional
on the cost per $100 of coverage displayed
on each respondent’s particular survey ver-
sion. Appendix Figure A2 displays the WTP
question as it appeared in the survey.

Risk Preference Measures

The survey included a risk preference instru-
ment, based on Eckle and Grossman (2002),
in which participants are asked to choose
among keeping their $5 incentive payment or
gambling it through a choice of one of four
possible lotteries. To create transparency in
the lottery process and mitigate distrust of
the randomness of the lottery outcome, pay-
offs in the instrument were based on future
weather outcomes in Glynn County, GA.

6While other stated preference approaches (e.g., choice
experiments) could be used to assess the demand for multi-
peril hazard insurance, we chose contingent valuation to
minimize the amount of space necessary, given that the sur-

vey was already quite lengthy. Future research should ex-
plore the use of choice experiments to assess attributes of
insurance products (e.g., limits on coverage, deductibles,
and premiums).
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This has the added benefit of framing risk in
a domain that is relevant for natural hazards.

Survey participants were informed that
the lotteries would be based on weather out-
comes as reported by the Brunswick, Geor-
gia, Malcom McKinnon Airport weather sta-
tion occurring between 12:01 a.m. November
1 and 11:59 p.m. November 30, 2018. The
survey listed four possible temperature and
precipitation weather outcomes and dis-
played the associated probability of occur-
rence based on historical weather data. These
lotteries randomize payment by conditioning
on realized weather outcomes and account
for risk preference by providing mean-vari-
ance trade-offs in weather payment. The least
risky lottery had a 50-50 chance of paying a
higher or lower amount of money than the
initial incentive payment, and the riskiest lot-
tery had a low probability of paying a large
sum (with a high likelihood of $0 payout).
Participants chose whether to keep their $5
incentive payment or select one of the four
lotteries. Appendix Figure A3 shows the risk
preference instrument as it was presented in
the survey. Because incentive payments were
based on yet to occur weather events in No-
vember, participants were informed that in-
centive payments would only be mailed out
for returned surveys that were postmarked by
October 31.

Risk Perception Measures

Because they are the primary natural hazard
risk in Glynn County, hurricanes constitute
our main focus for risk perception. To as-
sess the likelihood of a natural disaster, re-
spondents were asked to report the expected
number of Category 3 hurricanes to strike
their community in the next 50 years. Their
responses are used to create an annual like-
lihood of Category 3 hurricane landfall. To
ascertain expected damages associated with
a Category 3 hurricane, the survey instru-
ment includes a question that elicits expected
property damage as a percentage of structural
value. Because we sampled from the Glynn
County tax assessor’s database, we have ac-
cess to estimates of home structure value, and
we use this in conjunction with the percent-
age measure to create a variable for expected
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damage.” In addition to perceptions of risk,
we know whether the respondent has lived
most of their life on the coast, whether they
have experienced flood damage in the past,
their level of worry about natural disasters,
their FEMA flood zone, perceptions of ero-
sion risk, expectations of disaster assistance,
and basic demographic factors.

Summary Statistics

Variable definitions for the data used in our
analysis are reported in Table 1, and sum-
mary measures are reported in Table 2.8 The
mean hypothetical annual premium that re-
spondents faced for the multi-peril insurance
product was $4,081 and ranges from $250 up
to $10,800. Alternatively, this corresponds to
a mean price per $100 of coverage of $1.17.
Respondents reported income by selecting
one of eight intervals ranging from “less than
$35,000” up to “more than $250,000.” We as-
sign the midpoint of the interval as the level
of household income; the bottom interval was
coded at $30,000. About 16% of respondents
selected the highest income level category. We
follow Hout (2004) in addressing income esti-
mation for the unbounded top income interval.
This entails extrapolation based on a Pareto
distribution using frequencies of the last and
penultimate income intervals. Applying this
method produces a top income interval esti-
mate of $496,124. The mean and median in-
come for the sample after all transformations
was $171,670 and $125,000 respectively.

We now turn to measures of risk percep-
tion. The average respondent expects just
under 10 Category 3 hurricanes over the next
50 years, which corresponds with a perceived

7By Georgia law, property tax assessments are to be based
on fair-market value (FMV). Tax bills, however, are a based
on a portion of FMV, with adjustments for homestead, ex-
emptions, or other grandfathering provisions. Thus, counties
are expected to undertake due diligence in estimating FMV.
We believe tax-assessed values represent the best widely
available data source for home structure values. We are not
aware of any evidence that suggests this data would be inac-
curate. To the extent that assessed values are deflated (due to
political influence of residents), our damage measure could
be biased downward.

81n addition, the exact text for each survey question used
to construct covariates for our analysis is reported in Appen-
dix Table Al.
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Table 1
Variable Descriptions

Variable Type Description
Purchase Binary =1 if respondent indicated they would purchase the hypothetical multi-
peril policy
Annual premium Continuous Hypothetical annual premium for multi-peril insurance product
Price per $100 Discrete Hypothetical price for $100 of multi-peril coverage
Household income Discrete Annual household (interval responses—coded at midpoint)
Probability Category 3 Continuous Expected number of Category 3 hurricanes over the next 50 years
divided by 50 (with values over 1 replaced with 1)
Flood zone Binary =1 if reported living in SFHA zone
Flood damage Binary =1 if reported home had previously sustained flood damage
Erosion risk Binary =1 if expect erosion to worsen in the future
Expected damage ($1,000) Continuous Expected damage (in dollars) to home from a Category 3 hurricane
Life time Binary =1 if most of life has been spent on the coast
Expected individual assistance Binary =1 if expect federal individual assistance following natural disaster
Natural hazard worry Binary =1 if worries about loss of home from a natural disaster
CRRA Discrete elicited coefficient of relative risk aversion
Conservative Binary =1 if politically conservative
Brunswick Binary =1 if living in Brunswick
Higher education Binary =1 if received bachelor’s degree or higher
Table 2
Descriptive Statistics
Mean Std. Dev. Min Max Count
Purchase (“don’t know”’=0) 0.33 0.47 0.00 1.00 246
Purchase (“don’t know” dropped) 0.47 0.50 0.00 1.00 171
Annual premium ($1,000) 4.08 245 0.25 10.80 254
Price per $100 1.17 0.40 0.50 1.80 266
Household income ($1,000) 171.67 149.36 30.00 496.12 253
Probability Category 3 0.19 0.24 0.00 1.00 238
Flood zone 0.42 0.49 0.00 1.00 238
Flood damage 0.15 0.36 0.00 1.00 261
Erosion risk 0.77 0.42 0.00 1.00 266
Expected damage ($1,000) 149.39 245.38 3.78 3075.00 254
Life time 0.36 0.48 0.00 1.00 261
Expected individual assistance 0.35 0.48 0.00 1.00 266
Natural hazard worry 0.46 0.50 0.00 1.00 266
CRRA 0.49 0.38 0.01 0.85 251
Conservative 0.49 0.50 0.00 1.00 266
Brunswick 0.55 0.50 0.00 1.00 266
Higher education 0.24 0.43 0.00 1.00 266

annual probability of 0.19. This statistic is
skewed by a small number of respondents
who indicated they expected a Category 3
hurricane every year (presumably misunder-
standing the question). The median annual
probability of a Category 3 storm was 0.10 (or
five Category 3 storms over the next 50 years).
Nonetheless, perceptions of future hurricane
risk are much higher than what historical data
would suggest, which could be construed as

evidence of misperceptions of risk but may
simply be a result of respondents believing
major storms will be more frequent in the fu-
ture relative to the past. According to NOAA,
coastal Georgia has a major hurricane return
period of 33 years, corresponding to an an-
nualized probability of about 3%.° Forty-two

9We note that NOAA calculates return periods based on
storms passing within 50 nautical miles, whereas our survey
question was based on a 30-mile threshold.
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percent of survey respondents reported living
in the special flood hazard area (SFHA, 100-
year flood zone),!? and 15% reported previous
experience with flood damage. Seventy-seven
percent of respondents indicated that they
expected coastal erosion to get worse in the
future. For the consequences of a Category 3
storm, the average respondent reported 30%
of structure value, which corresponds with
a mean expected damage of approximately
$150,000. The median was $107,117. Multi-
plying the annualized probability of a hurri-
cane by expected damages provides a metric
for each respondents annualized expected loss
(in dollars) from a Category 3 storm. The av-
erage respondent expected annual losses of
$15,656 with a median value of $6,784.

Thirty-six percent of our sample reported
living most or all of their lives on the coast.
Thirty-five percent of respondents indicated
that it was likely that they would be eligible for
federal or state grants for rebuilding personal
property in the event of a major hurricane.
Forty-six percent indicated that they worry
about the loss of their home due to a natural
disaster. Detailed results from our risk prefer-
ence instrument are reported in Appendix Ta-
ble A3. One-hundred twenty-three (46.24%)
of the survey participants chose the safe $5 in-
centive payment with an implied CRRA coef-
ficient of 0.85 or greater. Lottery 1 was chosen
by 21 participants (7.95%) indicating a CRRA
coefficient between 0.3 and 0.85; 27 (9.85%)
chose lottery 2, indicating a CRRA coefficient
between 0.09 and 0.3; lottery 3 was chosen
by 32 participants (12.12%), implying a risk
coefficient of between 0 and 0.09. Lottery 4
was chosen 49 times (18.56%), which indi-
cates risk-loving preferences and a negative
risk coefficient. Fifteen survey participants
(5.64%) declined to answer the risk prefer-
ence question. Approximately half of respon-
dents considered themselves to be politically
conservative. Fifty-five percent of our sample
resided in Brunswick, the primary municipal-
ity of Glynn County, and 24% indicated they
had a bachelor’s degree or higher level of ed-
ucation attainment.

10Comparing reported SFHA status against actual SFHA
status based on FEMA flood zone maps reveals that most
respondents (71%) knew their SFHA status.
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Appendix Figure A4 reports a summary of
responses to the hypothetical multi-peril insur-
ance question. Just over 15% of participants
who were quoted a price of $1.80 per $100
of coverage indicated they would purchase,
and around 65% would not purchase the cov-
erage. The remaining minority of respondents
that received the highest price stated “I don’t
know.” Twenty-five percent indicated they
would purchase at the $1.45 price, and almost
50% declined this price. The positive response
to the $1.20 bid was also around 25%, and the
no responses were lower for this price (about
45%). The $1.00 offer price garnered a posi-
tive acceptance rate of 34% and a negative rate
of 25%. The two lowest prices of $0.75 and
$0.50 price each had an affirmative rate close
to 50%, with $.75 generating about 15% neg-
ative and $0.50 generating about 8% negative.
The proportion of “I don’t know” responses
was generally decreasing in offer price.

5. Empirical Methods

To estimate demand for multi-peril insurance,
we use a binary probit model with yes/no re-
sponses as the dependent variable and a se-
lection of relevant covariates. Approximately
one third of survey participants responded
with “I don’t know” when asked if they would
purchase multi-peril insurance at their quoted
price. To map our responses into a binary out-
come, we code those who answered “yes” as
1 and those who answered “no” as 0 and drop
observations that responded “don’t know.” As
a robustness check, we estimate an additional
model that codes both “no” and “don’t know”
as 0.

WTP for the bundled insurance product
can be estimated using the results of the probit
model and following a standard calculation,
where 7' is a vector of independent variables
evaluated at their sample mean, J is a vector
of coefficient estimates, and ¢ is the coeffi-
cient estimate for the variable capturing the
amount of the bid:
EWTP1Z,B) = z'[—g].
The probit model can result in inconsistent
WTP estimates if the distribution or functional
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form is misspecified (Haab and McConnell
2002). As an additional robustness check,
we calculate WTP using a Turnbull estima-
tor, which is nonparametric and thus does
not rely on distributional assumptions. The
Turnbull estimator calculates WTP using the
ratios of “no” responses to the total number
of responses for that bid price. This approach
does not allow for inclusion of additional co-
variates. Thus, it provides no information on
factors influencing WTP and cannot incorpo-
rate individual heterogeneity in the WTP esti-
mates. Sample size was a limiting factor in the
analysis. Several respondents (eight in total)
indicated a preference for purchasing multi-
peril insurance but did not supply a value of
their home and contents, which is necessary
for calculating their hypothetical annual in-
surance premium. Annual premiums for these
observations were constructed using the most
recent sale price of their home.

6. Quantitative Results

Parameter estimates from the probit estima-
tion of the decision to purchase multi-peril
insurance are reported in Table 3 with aver-
age marginal effects reported in Table 4. We
run two primary specifications of the probit
model, dropping the “don’t know” responses.
The first model uses the total annual premium
as the price variable (first column of Table 3),
and the second uses the bid price per $100
coverage as the price variable (second column
of Table 3). The first price variable is perhaps
more intuitive as an indicator of WTP but may
suffer from endogeneity because it reflects the
chosen level of (presumably full) coverage.
The second price variable is purely random
(within our bid design) and is thus strictly
exogenous. We note, however, that the first
model has the largest log-likelihood, and the
two models produce similar estimates of price
elasticity, —1.945 for the full premium model
and —2.220 for the price per $100 coverage
model.

For the annual premium model, we find
that the likelihood of electing to purchase
multi-peril coverage is decreasing in price
and lower for those respondents who consider
themselves politically conservative. The like-
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lihood of purchase is greater for those located
in the SFHA, those with a larger CRRA co-
efficient, and for households that perceived
greater magnitude of storm damage. Unlike
perceived consequences, we find no evidence
to support perceived likelihood of Category
3 storm affecting WTP for multi-peril insur-
ance. Likelihood of purchase is increasing in
income and greater in the city of Brunswick
(relative to the other areas of Glynn County,
the excluded category). We find no evidence
that experience with flood damage or more
time spent on the coast affects stated inten-
tions to purchase multi-peril hazard. Simi-
larly, perceptions of erosion risk, expectations
of disaster assistance, measures of worry over
natural disasters, and level of education have
no effect on stated likelihood of purchase.
Findings for the price per $100 cover model
are similar, though CRRA and log(household
income) are not statistically significant.

Turning to average marginal effects in Ta-
ble 4, we focus primary attention on the full
premium model. The probit regression results
indicate the following relationships: a $1,000
increase in the annual premium reduces the
likelihood of purchase by 15%. A $1,000 in-
crease in household income increases the like-
lihood of purchase by 0.11%. Residents who
reported living in the SFHA flood zone were
38% more likely to opt for multi-peril insur-
ance. The coefficient on self-identified polit-
ically conservative suggest a 24% decrease
in insurance purchase for this group. This is
consistent with previous literature, which has
shown that Republicans tend to be less likely
to invest in flood mitigation measures (Bot-
zen et al. 2016). Last, we find that increasing
the mean expected damage from a Category
3 storm by $1,000 increases the likelihood of
purchase by 0.127%.

Finally, we calculate WTP using the results
from the probit model and the Turnbull esti-
mator. The mean annual premium that home-
owners were willing to pay was $4,397 based
on the probit model. The Turnbull estimator
produced a (lower bound) estimate of $3,394.
To put these numbers in perspective, reported
insurance premiums from our survey sample
indicate that the average homeowner in our
sample, who has flood insurance, wind in-
surance, and a standard homeowners’ policy,
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Table 3
Probit Estimation of Decision to Purchase Multi-peril Policy

“Don’t Know” Dropped

“Don’t Know”=0

Annual premium ($1,000) —0.38%**
(0.08)
Price per $100
Log(household income) 0.44%*
(0.23)
Probability Category 3 0.34
(0.65)
Flood zone 0.94 4%
(0.34)
Flood damage 0.43
(0.50)
Erosion risk 0.01
(0.35)
Log(expected damage) 0.49%*
(0.20)
Life time -0.17
(0.33)
Expected individual assistance 0.25
(0.32)
Natural hazard worry 0.34
(0.30)
CRRA 0.86%*
(0.39)
Conservative -0.61%*
(0.30)
Brunswick 0.66*
(0.38)
Higher education 0.01
(0.32)
Constant —3.88%#*
(1.43)
Observations 128
Log-likelihood -58.572
Income elasticity 0.424
Price elasticity —-1.945
WTP $4,396.93
WTP (Turnbull) $3,393.65
WTP (Firth) $4,355.65

(0.06)
(0.38) (0.27)
0.13 0.56%#* 0.40%*
(0.22) (0.18) (0.17)
0.37 -0.12 -0.05
(0.63) (0.45) (0.45)
0.59* 0.48%* 0.36
(0.30) (0.23) (0.23)
0.52 031 0.35
(0.48) (0.35) (0.34)
-0.03 0.32 0.26
(0.34) (0.27) (0.26)
0.30% 0.19 0.10
(0.18) (0.15) (0.14)
0.07 -0.22 -0.16
(0.33) (0.24) (0.23)
0.30 -0.09 -0.01
(0.32) (0.23) (0.22)
0.38 0.12 0.14
(0.30) (0.23) (0.23)
0.46 0.20 0.09
(0.37) (0.28) (0.28)
-0.56% -0.18 -0.18
(0.30) (0.23) (0.23)
0.89% 0.50% 0.70%%*
(0.38) (0.28) (0.27)
-0.05 0.26 0.20
(0.31) (0.25) (0.24)
-1.01 —3.90% —2.67%%
(1.38) (1.08) (1.08)
128 186 186
-61.007 -98.198 ~100.711
0.126 0.665 0.470
~2.220 ~1.140 ~1.240
$1.22 $1,781.19 $0.59
$1.00 $2,100.90 $0.60
$1.21 $1,816.90 $0.59

p<0.1; %% p < 0.05; #%% p < 0.01.

pays a combined total of $3,152 for all three
types of coverage. Mean WTP per $100 of
coverage was $1.22 using the probit model
and approximately $1.00 according to the
Turnbull estimates.

As a check on robustness and sensitivity,
we reestimate our model assuming that all
those that responded with “I don’t know”
would not purchase the multi-peril insurance;
this is a common approach to assessing a con-
servative estimate that may be conceived as a

lower bound. The last two columns of Table 3
report estimates from these specifications.
The results are qualitatively equivalent to
our main specification. Annual premium and
price per $100 of coverage have negative co-
efficients and are highly significant although
with lower measures of responsiveness (price
elasticities of —1.14 and —1.24, respectively).
Residing in a flood zone, residing in Bruns-
wick, and household income are all significant
and have the expected effect. Political affilia-



810 Land Economics November 2021
Table 4
Marginal Effects
“Don’t Know” Dropped “Don’t Know”=0
Annual premium ($1,000) —0.15%%%* —0.08%**
(0.03) (0.02)
Price per $100 —0.69%** —0.307%**
(0.15) (0.10)
Log(household income) 0.18* 0.05 0.20%** 0.14%*
(0.09) (0.09) (0.06) (0.06)
Probability Category 3 0.14 0.15 -0.04 -0.02
(0.26) (0.25) 0.16) (0.16)
Flood zone 0.38%#* 0.24* 0.17%%* 0.13
0.13) 0.12) (0.08) (0.08)
Flood damage 0.17 0.21 0.11 0.12
(0.20) 0.19) (0.12) (0.12)
Erosion risk 0.00 -0.01 0.11 0.09
(0.14) (0.14) (0.09) (0.09)
Log(expected damage) 0.19%* 0.12% 0.07 0.04
(0.08) (0.07) (0.05) (0.05)
Life time -0.07 0.03 —-0.08 —-0.06
0.13) 0.13) (0.08) (0.08)
Expected individual assistance 0.10 0.12 -0.03 -0.00
0.13) 0.13) (0.08) (0.08)
Natural hazard worry 0.13 0.15 0.04 0.05
0.12) 0.12) (0.08) (0.08)
CRRA 0.34%%* 0.18 0.07 0.03
0.16) (0.15) (0.10) (0.10)
Conservative —0.24%* -0.22% -0.06 -0.06
(0.12) 0.12) (0.08) (0.08)
Brunswick 0.26* 0.35%* 0.18* 0.25%**
(0.15) (0.15) (0.10) (0.10)
Higher education 0.00 -0.02 0.09 0.07
(0.13) 0.12) (0.09) (0.09)
Observations 128 128 186 186

*p<0.1; ¥ p <0.05; *** p <0.01.

tion and expected damages are insignificant,
whereas they were significant in our main
specification. Other elasticity estimates are
qualitatively consistent with our main specifi-
cation. Annual WTP is estimated at $1,781 us-
ing the probit estimates and $2,101 based on
the Turnbull estimator. WTP for $100 of cov-
erage is estimated to be $0.59 for the probit
model and $0.60 for the Turnbull estimator.
To mitigate concerns about small sample
bias of the probit estimator, we conduct an ad-
ditional robustness check that makes use of a
logit model estimated via penalized maximum
likelihood (PML). This method, proposed by
Firth (1993), uses a modified likelihood (ML)
function with an additive penalty term at-
tached. The PML estimator has been shown to
have lower bias and variance than the standard

ML for logit model coefficients (Copas 1988;
Firth 1993). More importantly, the PML es-
timator has been shown to have much better
small sample properties than a standard ML
estimator. Rainey and McCaskey (2021) use
Monte Carlo simulations to show that PML
estimated logit coefficients offer substantial
improvements in terms of reduction of bias
caused by small samples. In their worst-case
scenario simulation (which is based on a
model with nine parameters that are estimated
on a scant 30 observations), the standard
ML estimator had a bias of 69%, whereas
the PML estimator only exhibited a 6% bias.
Thus, we reestimate WTP for our multi-peril
insurance product, this time deriving WTP
based on coefficients obtained from estimat-
ing a logit model using PML. We report these
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Table 5
Topic Frequency by Purchase Decision

IDon’t No
Topic Yes  No Know Response  Total
Cheaper/better value 29 0 1 0 30
Too expensive 2 58 2 2 64
Self-insure 0 3 0 0 3
Need more info 1 1 3 0 5
Concerns about risks and damages 10 1 1 0 12
Concerns about payouts 9 3 0 0 12
Convenience 18 1 0 0 19
Deductible 6 1 3 0 10
Additional coverage not important/satisfied with 0 21 0 0 21
current coverage
Total mentions 75 89 10 2 176*
Total unique comments 60 75 7 2 144*

*Total mentions differ from total unique comments because some comments mention multiple topics.

WTP values in the bottom of Table 3. Overall,
we find that the WTP estimates obtained using
PML are very close to our original WTP esti-
mates. The largest difference was in the model
reported in the third column of Table 3, where
the PML estimated WTP is approximately 2%
larger than the original value. All other mod-
els resulted in a PML estimated WTP that was
within 1% of the original value. We interpret
this as evidence of minimal small sample bias
in our primary WTP estimates.!!

7. Qualitative Results

The qualitative analysis provides additional
insight into the primary motivations behind
respondents’ decision to purchase multi-peril
insurance. Out of the 246 people who an-
swered the multi-peril question, 144 provided

' An anonymous reviewer raised the concern of anchor-
ing WTP on current NFIP premium (which was recorded via
open elicitation at an earlier point in the survey instrument).
To alleviate concerns over bias introduced by anchoring, we
run another robustness check. We construct a variable for
each respondent that indicates their cost per $100 of flood
structure coverage based on a default deductible, full cov-
erage policy (this provides us with counterfactual flood in-
surance costs for those who did not report having a flood
policy). We create an indicator for their flood insurance pre-
mium cost being greater than the bid price in the multi-peril
question. We include this indicator in reduced-form regres-
sions to identify if it has any bearing on reported willingness
to purchase a multi-peril policy. This indicator is not signifi-
cant in any of the reduced-form regressions and has minimal
effects on overall WTP estimates (the largest disparity being
a 3.5% reduction in WTP for one of the specifications).

a comment regarding their decision. Appen-
dix Figure AS shows the nine topics presented
in the comments and their frequency as a
percentage of total comments. Table 5 shows
the distributions of topics based on the indi-
vidual’s purchase decision. Out of the people
who left comments, 34 had current premiums
(wind, flood, and homeowners) greater than
the multi-peril premium, and 22 (64.7%) of
them responded “yes.” One hundred ten had
current premiums less than the multi-peril
premium, and 38 (34.5%) responded “yes” to
purchase.

The majority of comments were left by
respondents who indicated they would not
purchase multi-peril insurance, followed by
those who said they would. Only a few of the
“I don’t know” respondents left comments.
The two respondents who did not answer the
multi-peril question both commented “too ex-
pensive.” Table 5 shows most of the comments
from those who indicated they would not pur-
chase the insurance were centered around
the insurance being “too expensive” and Ap-
pendix Figure A5 shows that more generally
most comments were focused on the cost of
the insurance product. The next most frequent
category of comments was focused on multi-
peril insurance being unnecessary. Comments
in this category generally mentioned that ad-
ditional coverage was not important or that
current coverage was sufficient. It is worth
noting that comments related to multi-peril
insurance being unnecessary frequently in-
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cluded negative sentiments about the cost of
the insurance.

Similarly, most comments from those who
indicated they would adopt multi-peril cover-
age focused primarily on price. Most of the
comments remarked that the multi-peril insur-
ance was cheaper or a comparable price to their
current policy. Several comments also stated
that a modest increase in price was worth the
additional coverage. Comments related to
convenience were also common among those
who were interested in purchasing and made
reference to the simplicity of an all-hazards
policy. A handful of comments mentioned
concern for the risk of claims being denied
or damages being uncovered. Comments of
this type were primarily from those who indi-
cated they would purchase multi-peril insur-
ance. Several of these comments specifically
brought up frustration with the seemingly
subjective nature of claims payouts.

Responses of “yes,” “no,” and “I don’t
know” to the multi-peril insurance question
were all represented in comments related to
deductible. All but one of these comments
expressed wanting a low deductible (or no
deductible, in one case). A single person who
did not want to purchase a multi-peril policy
indicated a higher deductible was preferred to
reduce the size of the annual premium. Prefer-
ence for low deductibles could be attributed to
people thinking of insurance as an investment,
with a low deductible being a way to increase
the chance of getting a return on that invest-
ment if a loss occurs (Kunreuther and Pauly
2005). Preference for a low deductible may
also be a result of overestimating the likeli-
hood of a loss and thus the value of the deduct-
ible (Schwarcz 2010). Over one-third of “I
don’t know” respondents who left a comment
mentioned the deductible, suggesting that this
is a major focal point for those who expressed
uncertainty about the insurance product.

8. Discussion

To date, many studies have been published on
single-peril flood insurance demand, but multi-
peril or all hazards insurance has received rel-
atively little attention despite offering some
ways to address many issues plaguing insur-
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ance markets for natural hazards. Our income
elasticity of 0.424 (based on annual premium)
classifies multi-peril insurance as a normal
good, which is consistent with previous evi-
dence from the literature (Kriesel and Landry
2004; Hung 2009; Botzen and van den Bergh
2012; Ahmadiani, Ferreira, and Landry 2019).
To further assess external validity, we com-
pare our stated preference results to revealed
preference flood insurance data for this same
data set (Glynn County, GA); Landry and
Turner (2020) estimate an income elasticity of
0.19 for actual take-up of flood insurance for
these same households.!2 Given the expanded
coverage offered by multi-peril insurance, our
income -elasticity estimate seems plausible
and reasonable.

Estimated price elasticities from the full
premium specification and the unit-coverage
price model are around -2, suggesting
that homeowners are relatively sensitive
to changes in insurance price. Our alterna-
tive specification, in which “I don’t know”
responses are assumed to be “no” indicate
lower sensitivity (close to —1) and are most
similar to previous findings for the NFIP
(e.g., —0.997, Browne and Hoyt 2000; —0.87,
Landry and Jahan-Parvar 2011). Hung (2009)
finds similar estimates for two Taiwanese cit-
ies (-0.84 to —0.94). Using a proxy variable
for catastrophe insurance demand in Florida
and New York, Grace, Klein, and Kleindorfer
(2004) estimate price elasticities of —0.86 and
—1.08.13 Thus, we find evidence that our price
elasticity estimates are similar or greater (in
absolute value) than what is suggested by the
existing literature.!#

12The estimate of 0.19 is very similar to our multi-peril
estimate from the unit-price model (0.126), though this esti-
mate is not statistically significant.

13In their revealed preference analysis of flood insurance
demand, Landry and Turner (2020) find an insignificant
price effect (which they attribute to correlation in price and
risk factors).

14Regarding other covariate effects, we find the following
comparisons with Landry and Turner (2020) in their analysis
of RP flood insurance demand for the same data set: they
find that households in the SFHA are 23% more likely to
hold flood insurance, whereas our estimates indicate an ef-
fect of 38% for multi-peril coverage. They find a positive
marginal effect of 21% for CRRA, while we find a average
marginal effect of 34% for CRRA. Given the extended cov-
erage offered by multi-peril, it does not seem unreasonable
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A complicating factor in analysis of NFIP
is mandatory purchase requirements, which
should depress econometric estimates of price
responsiveness and create difficulties in iso-
lation price from risk (Kousky 2010, 2011;
Landry and Turner 2020). Neither difficulty
applies to our contingent valuation estimates,
however. Evidence of greater price respon-
siveness could be a result of the voluntary
nature of purchase combined with our stated
preference bid design that exposes households
to a wider array of insurance prices. In addi-
tion, homeowners may place less value on the
additional coverage for hazards they perceive
to be unlikely in their locale (i.e., East Coast
coastal homeowners may be unwilling to pay
much extra for earthquake coverage).

An important caveat for our estimates is
that they are based on a hypothetical insur-
ance product, which is not a binding commit-
ment; thus, our WTP estimates are subject to
the standard perils associated with responses
to essentially hypothetical questions. Hypo-
thetical bias typically exaggerates WTP esti-
mates (Loomis 2011), sometimes by a factor
of two to three (List and Gallet 2001), but the
severity of hypothetical bias typically varies
based on the elicitation methodology, nature
of the good being valued, and other factors.
We note affirmative findings related to inter-
nal validity—positive income effects and the
significant influence of the CRRA parameter
and subjective risk perceptions. Moreover,
our qualitative results indicate that price was a
significant motivating factor in both “yes” and
“no” responses, suggesting that respondents
took the offer price seriously in their consid-
eration of response. However, no unequivocal
solution exists for potential hypothetical bias.

Notably, hypothetical bias is generally
lower for WTP elicited for private goods, sug-
gesting the prevalence of hypothetical bias in
our analysis may be less severe than in other
cases (Penn and Hu 2018). Although some

that covariate effects would be somewhat larger. Quite the
contrary, we construe this as potential evidence of internal
validity (though it is also possible that hazard exposure and
risk tolerance feed into a strategic bias). Last, Landry and
Turner (2020) find that the subjective perception of storm
damage increases flood insurance demand by 32%, but we
find a very small effect of 0.12% (perhaps not surprising
given that multi-peril covers more than storm damage).
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have suggested that ex post calibration of
WTP estimates can reduce potential hypothet-
ical bias, others have noted that calibration
factors vary by the type of good and context
of valuation (among other factors) (e.g., List,
Margolis, and Shogren 1998; Murphy et al.
2005). Nonetheless, we explore potential for
hypothetical bias by applying a fitted calibra-
tion factor following Penn and Hu (2018). Us-
ing their regression results for a trimmed data
set (removing bottom and top 2.5% of ob-
servations with extreme calibration factors),
we obtain a calibration factor of 1.81 (for
WTP for private good collected in the field
from nonstudent subjects). Applying this to
our empirical estimates suggests that coastal
households in Glynn County are WTP $2,429
for multi-peril insurance or $0.67 per $100 of
coverage. In any event, we consider our esti-
mates useful initial indicators of the value and
determinants of multi-peril insurance, and we
welcome additional research that can address
potential shortcomings.

An additional concern for the feasibility of
a multi-peril insurance market is the degree to
which adverse selection would persist. Our re-
sults indicate that residing in a flood zone sig-
nificantly increases the probability of adopting
multi-peril insurance, suggesting that adverse
selection may manifest if such a product was
introduced. Multi-peril insurance by design,
however, mitigates the impact of adverse se-
lection compared with insurance for singu-
lar hazards. Even if adverse selection exists
in each class of hazards, an efficient market
is still possible if the hazards are sufficiently
uncorrelated spatially. For example, our sam-
ple consists of people who face comparably
greater storm and flood risks but lower earth-
quake risks relative to other parts of the coun-
try. Many California residents face higher
earthquake risk but lower storm and flood
risk. If both groups of residents are combined
in a multi-peril insurance market, each group
may exhibit adverse selection with respect to
their hazard of primary concern (although this
depends on pricing). Combining multiple haz-
ards implies that each hazard would still have
a mix of high- and low-risk individuals par-
ticipating for each hazard type (which would
allow for some degree of cross-subsidization).
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Potential heterogeneity in WTP with re-
spect to objective risk remains an important
area of focus for future research. Our limited
sample size prevents us from estimating re-
liable WTP estimates across flood zone sta-
tus. Appendix Table A4 reports frequency
of responses to our hypothetical multi-peril
insurance questions separated by flood zone
status. In general, higher proportions of flood
zone residents indicate that they would be
willing to purchase multiperil insurance at
each quoted price, which is consistent with
these residents having higher WTP values.

Finally, we note that our sample is drawn
from a population of coastal homeowners
whose primary natural hazard threats are
flooding and tropical cyclones. We feel the
Georgia coast is an interesting study site,
since it has historically been perceived as
less risky, while recent hurricane landfalls
have exposed some vulnerabilities. In as-
sessing demand for hazard insurance, such
a situation may provide a useful case study
because the lower (perceived) baseline level
of risk could provide a lower bound on eco-
nomic value, while the recent exposure can
make the risks salient. Thus, our results may
not generalize to the broader population of
homeowners on the East Coast who face hur-
ricane risk or to other households that are pri-
marily concerned with other natural hazards
(e.g., wildfire, earthquake, tornado). Estimat-
ing WTP for multi-peril insurance among
populations that face other natural hazards
remains as an important avenue of future
research that will be necessary for well-in-
formed policy discussion related to multi-
peril homeowners’ insurance.

9. Conclusions

Multi-peril hazard insurance has recently
been touted for its potential benefits to home-
owners and insurers (Kunreuther 2018). On
the homeowners’ side, a multi-peril policy is
simpler, reduces search costs associated with
evaluating multiple types of policies, simpli-
fies claim filing, and may help overcome cog-
nitive biases that discourage the purchase of
insurance. For insurers, the primary benefit is
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diversification of risk across a greater number
of disaster types, which could make aggregate
annual claims more predictable. Multi-peril
insurance also eliminates the possibility of
costly legal disputes over the source of dam-
age, which is ultimately beneficial for home-
owners and insurers.

Despite the many potential benefits, empir-
ical evidence assessing the demand for multi-
peril insurance is extremely limited. It is clear
that multi-peril insurance could solve many
public policy issues related to natural disaster
insurance, but the ultimate success of a policy
is conditional on including coverage relevant
to homeowners and delivering it at a price that
promotes widespread adoption while gener-
ating sufficient revenues for successful risk
management.

Using a unique data set of individual-level
survey responses, we assess the demand for
a multi-peril or all-hazards insurance product
that would insure homes against all natural
hazards taking the place of a standard home-
owners’ policy, a federal flood insurance pol-
icy, and state-run wind insurance. We estimate
WTP for multi-peril insurance and assess de-
terminants of adoption by estimating a series
of discrete choice models. In addition, we
make use of free-form text responses that pro-
vide insight into the issues most important to
homeowners considering a multi-peril policy.

We estimate mean WTP per annum of
$4,396 and mean WTP per $100 of coverage
of $1.22. Use of a Turnbull estimator suggests
lower bounds on the estimates of $3,393 and
$1, respectively. For our preferred specifica-
tion (the full premium model reported in the
first column of Table 3), we find that risk
aversion, income, and risk perception (mag-
nitude of expected damage) increase likeli-
hood of purchase, whereas WTP was lower
for self-identified conservatives. Results from
regression models along with insight gained
from free-form responses suggest that cost is
the primary concern for consumers thinking
about adopting multi-peril insurance. This
bodes well for the validity of our contingent
valuation exercise, because it doesn’t suggest
that responses were motivated by hypothetical
or strategic considerations. In addition to cost,
survey respondents who indicated they would
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be willing to purchase multi-peril insurance
left comments that suggested convenience and
alleviation of concerns about payouts were
important factors in their decision. The results
presented here contribute to the understanding
of demand for multi-peril hazard insurance,
but our results are primarily based on home-
owners who are concerned with damage from
hurricanes, namely, wind and flood damage.
Future work should assess demand for multi-
peril insurance in locations that face different
natural hazards.
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