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ABSTRACT

An increasing number of national, state, and local programs have offered grants or other monetary in-
centives to encourage homeowners to retrofit their homes to reduce damage from natural hazard events.
Despite this fact, little is known about how these offerings influence a homeowner’s decision to carry out such
structural retrofits. This paper studies the impact that different grant program designs in particular have on
the decision to undertake different types of retrofits to mitigate against hurricane damage. Using data from a
survey of homeowners in the eastern half of North Carolina, we implement a mixed logit model that allows for
the combination of both revealed-preference and stated-preference data available from the survey. Our
findings show that offering a grant results in households being, on average, 3 times as likely to retrofit as
when a grant is not offered. In addition, both the percentage of retrofit cost and the maximum dollar amount
covered by the grant have a substantial impact on the probability that households choose to retrofit. Living
closer to the coastline also has a significant impact on the probability that households will choose to retrofit.
Counter to some previous research, we find that households who have experienced two or more hurricanes are
less likely to choose to retrofit their homes. From our research, we find that the percentage of retrofit cost
covered by the grant and the total cost are both important factors when deciding on the best grant program
configuration.

1. Introduction straps, strengthening overhangs and openings, and
strengthening connections of attached structures. Too
few grants had been administered for mitigation against
the effects of storm surge for FEMA to provide an
accurate cost-benefit analysis. However, they found
that building new houses that are elevated more than
1 ft (30.5cm) above base flood elevation levels (the
2015 International Code Requirement) is expected to
save $7 for every $1 spent on average (Porter et al. 2017).
Corresponding author: Esther Chiew, wc437@cornell.edu Despite the benefits of retrofitting, household retrofits

In 2017, an independent cost-benefit analysis com-
missioned by the Federal Emergency Management
Agency (FEMA) of federally funded natural hazard
mitigation efforts found that mitigating against wind
damage saved $5 for every $1 spent (Porter et al. 2017).
Mitigation measures studied included using tie-down
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historically have not been widely implemented, as many
homeowners tend not to retrofit their homes voluntarily.
Javeline and Kijewski-Correa (2019) surveyed home-
owners living in the coastal community of New Hanover
County, North Carolina, for example, and found that
not only do homeowners take minimal actions to im-
plement structural retrofits, they also have minimal in-
tentions to do so in the future. Thus, there have been
an increasing number of national and state programs
that offer monetary incentives, such as grants, insur-
ance premium benefits, or low-cost loans, to encourage
homeowners to carry out home retrofits (section 2).
Despite these programs, little is known about how
these monetary incentives influence homeowners’ de-
cisions to strengthen their homes postconstruction.
While it seems clear that grants should increase rates of
retrofit, budgets are limited, and thus it is also impor-
tant to know more specifically how these incentives
should be designed to maximize cost-effectiveness, and
how much different levels of government investment
are likely to increase retrofit and decrease risk. Is it
better to offer larger grants to fewer homeowners, for
example, or smaller grants to more? Should home-
owners be required to pay some of the cost so as to
spread government investment across more grants?
One of the few studies that focused on structural ret-
rofit incentives, Jasour et al. (2018), found evidence
that a grant (which did not need to be repaid) increases
the likelihood of retrofitting, but found no such evi-
dence for incentives in the form of low-interest loans or
insurance premium reductions. Based on those re-
sults, we focus on the impact of different grant program
designs on the decision to undertake different types
of retrofits. We also follow Jasour et al. (2018) in
combining revealed-preference (RP) and stated-
preference (SP) data and in developing separate
mixed logit models for decisions about retrofits aimed
at mitigating five different types of hurricane damage,
namely, wind damage to the roof, wind damage to
openings (windows and doors), wind damage to the
roof-to-wall connection, flood damage to outlets and
appliances or other flood damage that can be miti-
gated by elevating appliances or installing water-
resistant insulation and siding, and flood damage to
the entire house (mitigated by elevating the home on
piles). The RP data relate to people’s actual choices in
real-world situations, whereas SP data are collected in
surveys where respondents are presented with hypo-
thetical choice situations (Train 2009). Combining
these data types allows us to take advantage of both
their strengths. RP data are often thought to be more
reliable because they reflect actual choices. However,
they are limited to existing alternatives, and even
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among existing alternatives there is often limited
variation in attribute values (Lavasani et al. 2017). SP
data, though reliant on the respondent’s perception of
their future actions, allow for the investigation of
new grant possibilities (Lavasani et al. 2017). Our
analysis is based on data obtained from a survey
mailed to homeowners in the eastern half of North
Carolina (from Raleigh to the coast) from January to
February 2017.

Section 2 discusses several grant programs currently
offered to homeowners in the United States. Section 3
outlines existing literature on homeowner decisions to
retrofit their homes against hurricane-caused wind or
flood damage. Section 4 identifies the covariates and
hypotheses that we study in this research. In sections 5
and 6 we describe the data and model, and the results,
respectively.

2. Existing incentive programs

There are a growing number of federal, state, and
local programs that offer monetary incentives to en-
courage homeowners to carry out retrofits to mitigate
against different hazards. These monetary incentives
can take multiple forms, including grants, insurance
premium deductions, and low-interest loans. The fol-
lowing examples illustrate the range of typical programs.

The Hurricane Loss Mitigation Program Retrofit
Grant was established in Florida in 1997. With an an-
nual budget of up to $3.4 million, it funds activities (in-
cluding retrofits, inspections, construction, and modification
of building components) that would increase a struc-
ture’s ability to withstand hurricane-force winds and
flooding (Florida Division of Emergency Management
2018). From 1997 to 2014, at least 138 grants have been
issued for residential retrofit projects, with retrofits im-
plemented on an estimated 2217 homes and costing
around $18 million (Florida Division of Emergency
Management 2014).

Under the South Carolina Safe Home program,
homeowners living in the coastal region of South Carolina
who retrofit their homes to be more resistant to hurricane
and high-wind damage can obtain a grant of up to $5,000
(South Carolina Department of Insurance 2018). Eligible
retrofits include roof retrofits (such as roof-to-wall con-
nectors) and opening protection. Homeowners with a
higher annual household income can be awarded a
matching grant (i.e., the homeowner has to match the
grant award dollar for dollar) of up to $4,000. The Safe
Home program receives about $2 million in annual
funding, and since its beginning in 2007, the program has
awarded more than 6100 grants totaling more than
$25 million (South Carolina Department of Insurance 2019).
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In Alabama, the Strengthen Alabama Homes Pro-
gram provides grants for residential wind mitigation on
existing, owner-occupied, single-family homes that meet
the “FORTIFIED” mitigation standards developed
by the Insurance Institute for Business and Home Safety
(IBHS). Previously restricted to residents of Baldwin
and Mobile Counties, the program is now open to the
entire state. Grants pay 100% of the cost of mitigation
up to $10,000 (Alabama Department of Insurance 2018),
and the program aims to provide grants to 2500 homes
annually, and 50000 homes over the next 20 years
(Alabama Association of Realtors 2019). Homes that
meet the FORTIFIED standards also receive discounts
ranging from 20% to 60% on the wind portion of their
homeowner’s insurance premium (Alabama Department
of Insurance 2014). Other states, such as Mississippi and
North Carolina, also offer insurance premium savings
to homeowners who retrofit their homes to meet
FORTIFIED standards (IBHS 2018).

For homeowners who voluntarily retrofit their resi-
dential structures against storms, Louisiana offers tax
deductions of 50% of the cost of retrofit up to $5,000
(Louisiana Department of Insurance 2005). Though not
related to hurricanes, individuals in Colorado who perform
wildfire mitigation measures on their property can claim a
deduction on their income tax return equal to 50% or
100% of the cost of mitigation (depending on the tax year),
up to $2,500 (Colorado Department of Revenue 2018).

As can been seen, there is a growing interest in in-
centivizing home retrofit work. However, in offering
monetary incentives to homeowners, it is not clear what
grant specifications generates the most interest or results
in the greatest take up rates in different circumstances.
Parameters chosen to specify the grants in our survey
were based on these examples [section 5a(1)].

3. Literature review

The existing literature that addresses the homeown-
er’s decision to implement structural retrofits against
hurricane damage are few and varied in focus. Peacock
(2003) and Grothmann and Reusswig (2006) study the
extent to which structural retrofits are used to miti-
gate against wind and flood damage, respectively. Other
authors including Petrolia et al. (2015) and Thieken
et al. (2006) include insurance as a choice alongside
structural retrofits to homes. More similar to the study
presented herein, several papers examine the influence
of incentives (both monetary and nonmonetary) on the
household’s decision to retrofit, including Viasquez
and Mozumder (2017), Poussin et al. (2013, 2014),
Geetal. (2011), and Jasour et al. (2018). However, while
the availability and type of incentives has been studied,
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there is little know about the impact of different grant
program designs (such as the maximum grant amount
or percentage of retrofit cost covered by the grant) on
the decision to retrofit. This paper analyzes this
question in detail.

Most of the papers study the decision to implement
retrofits using a regression model with the decision
variable being the choice to carry out some mitigation
effort (whether purchasing insurance or carrying out
retrofits), the number of structural retrofits installed
by a homeowner, or the decision to participate in
programs designed to encourage mitigation efforts. All
but Vasquez and Mozumder (2017), Ge et al. (2011),
Poussin et al. (2014), and Jasour et al. (2018) utilized
RP data in the analysis, with the former two studies
employing SP data and the latter two studies combining
both RP and SP data. This study combines RP and SP
data in order to take advantage of the strengths of both
types of data, and also demonstrates the importance of
using both RP and SP data to study this problem.

Collectively, the current research has identified many
factors that may influence a homeowner’s decision to
carry out structural retrofits to their home, including
1) type or availability of incentive (e.g., reduced insurance
deductibles or premiums, reduced taxes, loans, or free
home audits), 2) hazard experience (e.g., prior exposure
to hurricanes or having suffered damage from hurri-
canes), 3) psychological factors (e.g., risk perception,
risk attitudes, or worry), 4) social influences (e.g., miti-
gation measures taken by neighbors or friends; regula-
tions), and 5) socioeconomic factors (e.g., income, age,
or gender). In section 4, we focus on the studies directly
related to the covariates that are used in this study.

In keeping with the analysis of this paper that focuses
on structural retrofits, we do not include either the theo-
retical economics literature, which mostly assumes utility-
based decisions [e.g., work based on Ehrlich and Becker
(1972)], or the broader protective action decision literature
that focuses on preparedness, insurance purchase, and
other types of protective actions that may be of a different
character than permanent structural retrofits (e.g., Lindell
and Perry 2012; Kunreuther 2016; McAneney et al. 2016;
Kousky 2017; Wang et al. 2017; Binder and Greer 2016).

4. Covariates and hypothesis

In this section we describe the covariates selected
for the model. The choice of covariates used is based on a
review of the existing literature, as summarized in Table 1.

a. Incentives

Jasour et al. (2018) found that offering a grant is as-
sociated with an increased probability of carrying out a
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retrofit to mitigate against wind damage caused by
hurricanes, though not for mitigating against flood
damage. Neither offering a premium reduction nor
offering a low interest loan was found to have a sig-
nificant effect on the probability of retrofit. Ge et al.
(2011) considered incentives as a response variable
rather than a covariate in their models; however, sur-
vey respondents were asked about the likelihood that
each economic incentive would motivate them to un-
dertake a hurricane mitigation measure, and Ge et al.
(2011) reported that some homeowners would likely be
motivated to install hurricane shutters in response to a
low-interest loan (31%), a 5-yr forgivable loan (60%),
reduced home insurance premiums (69%), reduced
property taxes (69%), and a free hurricane safety home
audit (68%). Poussin et al. (2014) found that offering
financial incentives to homeowners resulted in greater
intention to implement mitigation measures, though no
details were provided about how the financial in-
centives were given to homeowners. Vasquez and
Mozumder (2017) found that respondents had a strong
preference for matching grants and conditional in-
surance premium discounts rather than extensive home
inspections. Petrolia et al. (2015) found that the in-
crease of county-level federal mitigation grants offered
for flood mitigation had a significantly negative impact
on the decision to carry out structural retrofits to pre-
vent wind damage, perhaps indicating that flood miti-
gation is being seen as a substitute for wind mitigation
efforts.

From Jasour et al. (2018), in this study, we focus on
incentives in the form of grants and, in particular, on the
impact that different ways of structuring grants has on
the decision of homeowners to retrofit their homes. On
the basis of a review of existing grant programs (section
2), two parameters are used to define the structure of a
grant program—the percentage of the retrofit cost cov-
ered by the grant and the maximum dollar amount
provided by the grant. Two hypotheses are tested:

Hypothesis 1—As the percentage of the retrofit cost
that is covered by the grant increases, the probabil-
ity that the homeowner chooses to implement a
structural retrofit also increases (H1).

Hypothesis 2—As the maximum dollar amount pro-
vided by the grant increases, the probability of
implementing a retrofit also increases (H2).

b. Prior hazard experience

Peacock (2003), Grothmann and Reusswig (2006),
and Petrolia et al. (2015) found that prior hazard ex-
perience positively impacts the decision to retrofit.
Ge et al. (2011) found that prior hazard experience
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increases the probability of accepting a low-interest
loan, but not any of the other incentives, specifically
the 5-yr forgivable loan, reduced home insurance
premiums, reduced property taxes, or free hurricane
safety home audit. In contrast, Poussin et al. (2014)
found no significant effect of prior hazard experience
on the decision to retrofit. Jasour et al. (2018) found no
evidence that the number of hurricanes experienced
by a household affects the decision to retrofit. How-
ever, their results suggest that having experienced a
hurricane within the past one year has a significant
positive effect on the decision to implement retrofits to
strengthen the home against flood and opening dam-
age. In this research, we were unable to study the im-
pact that time since the last event has on the probability
of retrofitting because almost all the households ex-
perienced Hurricane Matthew in 2016, and thus we
could not make the same distinctions between house-
holds that Jasour et al. (2018) studied. As such, we in-
stead study the impact that the number of hurricanes
experienced has on the probability that a household
decides to undertake a structural retrofit:

Hypothesis 3—As the number of hurricanes experi-
enced increases, the probability that a household
retrofits their home also increases (H3).

c. Exposure/location factors

Peacock (2003), Petrolia et al. (2015), and Ge et al.
(2011) found evidence that households located in a
coastal county are more likely to retrofit their homes to
prevent wind damage. However, Peacock (2003) found
no evidence that being in an evacuation zone (the most
at-risk households) had any effect on the likelihood of
retrofitting, and Ge et al. (2011) only found evidence of
this location effect when risk perception and hazard
intrusiveness variables were not included in the model.
Poussin et al. (2013) found that households living in
an area with less frequent floods were less likely to
carry out structural measures on their homes. Jasour
et al. (2018) studied separately the effect that being
located closer to the coastline and in a floodplain
would have on the probability of retrofitting, and found
that in all four retrofit models, households located
farther from the coastline are significantly less likely
to retrofit their homes. However, being located in a
floodplain had no significant effect on the decision to
retrofit. For this research, we examine the effects that
the home’s distance from the coastline has on the deci-
sion to undertake a structural retrofit of the house.
We also examine whether a home’s location in a flood-
plain influences the decision to implement a structural
retrofit that would mitigate against flood damage, that is,
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either by elevating appliances and outlets or installing
water-resistant insulation and siding, or by elevating the
entire home on piles. From this, two hypotheses are
tested:

Hypothesis 4—The shorter the distance from the
coastline, the higher the probability that the house-
hold carries out retrofits (H4).

Hypothesis 5—If the home is located in a floodplain,
the household is more likely to retrofit to reduce
flood damage (HS5).

d. Sociodemographic factors

Income has mostly been found to have a significant
positive effect on the likelihood that a household carries
out structural retrofits to mitigate against hurricane
damage. Peacock (2003) found that households with
higher incomes are not only more likely to install
hurricane shutters, but also to have better quality
shutters and envelope coverage than lower-income
households. Grothmann and Reusswig (2006) find a
significant positive impact of household income on
the decision to purchase flood protection devices, but
not on structural measures of mitigation. Jasour et al.
(2018) found a significantly positive effect only on
the likelihood of mitigating against wind damage to
the roof. Ge et al. (2011) find that higher-income
households have significantly less interest in low-
interest loans for mitigation, and significantly more
interest in property tax reductions for mitigation as
compared to low-income households. Finally, Petrolia
et al. (2015) and Poussin et al. (2014) find no significant
impact of income on the likelihood that households
implement structural retrofits, although the coeffi-
cient of income that Petrolia et al. (2015) estimated
is positive (Poussin et al. (2014) do not report this
coefficient).

Other sociodemographic variables can help to identify
sectors of the population that are most or least likely to
carry out structural retrofits on their homes (Peacock
2003; Ge et al. 2011). To further aid in the identification
of these population sectors, in this research, we analyze
two variables: age and the number of years that the res-
ident believes they will remain in their home (hereinafter
referred to as future tenure). Older homeowners might be
less likely to retrofit because they are more likely to be
on a fixed income, thus less willing to take on financial
risk (Ge et al. 2011). However, previous research shows
mixed results. Age had a significantly positive effect on
past mitigating behavior but a significantly negative effect
on intentions to carry out future mitigation measures in
Poussin et al. (2014), a significantly negative effect in Ge
etal. (2011), and an insignificant effect in Peacock (2003)
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and Grothmann and Reusswig (2006). Jasour et al. (2018)
found age to have a significantly negative effect on the
likelihood of mitigating against wind damage to roof and
flood damage only, and an insignificant impact on other
retrofit decisions. Future tenure has not been studied in
previous literature, but homeowners who believe they
have a longer expected future tenure in their home might
be more likely to retrofit as they would have a longer time
to reap the benefits of any retrofits that are carried out.
From these points, three more hypotheses are developed:

Hypothesis 6—Income has a positive effect on the
likelihood that a household carries out a structural
retrofit (H6).

Hypothesis 7—Younger homeowners are more likely
to retrofit their homes (H7).

Hypothesis 8—Homeowners who have a longer ex-
pected future tenure in the home are more likely to
retrofit their home (HS8).

5. Method
a. Survey data

The data used in this analysis are taken from a survey
of single-family households located in the eastern half of
North Carolina, from the capital of Raleigh to the
coast, including 49 of the state’s 100 counties. The
region was chosen because it has a long history of
damaging hurricanes, with a tropical cyclone making
landfall on average every 2 years (SCONC 2019). It
has also been active in encouraging mitigation—for
example, offering wind insurance premium discounts
for mitigation efforts through the Coastal Property
Insurance Pool (i.e., Beach Plan) (NCIUA 2017). The
survey sample was purchased from Genesys, a branch
of the Marketing Systems Group, which utilizes the
U.S. Postal Service’s address database system to select
random addresses for research purposes (Marketing
Systems Group 2018). From this address database
system, 2500 randomly selected addresses were pur-
chased and screened to include only single-family,
owner-occupied properties.

In an effort to achieve high survey response rates, the
survey was distributed following the Dillman (2007)
procedures. These procedures included the develop-
ment of a respondent-friendly survey, four contacts
through first-class mail, stamped return envelopes, per-
sonalization of correspondence, and prepaid finan-
cial incentives (Dillman 2007). To be eligible to
participate, respondents had to be at least 18 years
old, own the property to which the survey was mailed,
and contribute to the household’s property insur-
ance and home-improvement decision-making process.
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The dataset includes 233 completed surveys after re-
moving ineligible responses.

Relative to the demographics for the population
from which it was drawn—homeowners in the eastern
half of North Carolina, our sample was slightly older
and whiter. Since the average age of first-time
homebuyers in 2017 was 32 years (Ramirez 2017),
we assume homeowners include only people aged
30+ years. The average age in our sample was then
59 years, as compared with 54 years in the population.
The sample was 81% white versus 67% for the pop-
ulation. Table 2 shows the calculated American As-
sociation for Public Opinion Research (AAPOR)
response rate values (AAPOR 2019). The minimum
response rate, comparing number of completed sur-
veys with eligible households in the sample, is 10%.
On the other hand, the cooperation rate, comparing
completed surveys to households with confirmed
contact, is 90% (Table 2), suggesting that a large
driver was noncontact, a well-known problem.

1) RESPONSE VARIABLE

A binary response variable was used for this analysis—
retrofit or not. To collect RP observations of the response
variables, survey respondents were asked if their home
has each of the following eight features: wind-resistant
shingles, special foam adhesive under the roof, hurricane
shutters, impact-resistant windows, hurricane straps/ties,
elevated appliances, water-resistant siding, and piles that
elevate their home. For each feature, if the respondent
indicated that the home does have it and that either they
added it after they bought the home or it was important
to them when they bought the home, the response was
coded as Yes. If the respondent indicated the home does
not have the feature, they do not know if it does, or it does
but it was not important to them when they bought the
home, the response was coded as No.

Two questions were used to collect the SP observa-
tions of the response variables. The first, followed by a
list of the same eight features from the RP question, said
“we would like you to imagine that you moved to a new
home that did not have any of the following features.
With that assumption, tell us if you would add each
feature within five years.” Respondents were asked to
respond “‘yes,” “no,” or “‘maybe’’ to adding each of the
eight features within the next 5yr. The next question
read: “Imagine again that you moved to a new home
without any of these features and now you could receive a
grant from the government to strengthen your home. The
grant would not need to be repaid. Would you take each
action below within five years given the grant terms
listed?”” It was then followed by a list of five possi-
ble retrofits, and for each, a list of six possible grant
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TABLE 2. AAPOR calculations.

Response rate

AAPOR 1
10.00%
Refusal rate
AAPOR 6 AAPOR 1
7.37% 1.07%
Contact rate
AAPOR 6 AAPOR 1
84.00% 16.80%

Cooperation rate
90.35%

terms—all combinations of the government paying
50% or 100% of the cost, up to a maximum amount of
$2,500, $5,000 or $10,000 (Table 3).

The combination of grant terms resulted in seven SP
choice situations for each type of retrofit. The five pos-
sible retrofits were the same eight from the previous
questions, but to shorten the survey, the two roof retrofits
were combined (“‘Strengthen your roof with high wind
shingles or special adhesive foam”), the two opening
retrofits were combined (‘‘Protect the openings in your
home by installing impact resistant windows or hurricane
shutters, and reinforcing garage doors”), and the two less
expensive flood retrofits were combined (‘“‘Protect
against flood damage by elevating outlets and appli-
ances above flood level, or installing water resistant
insulation and siding’’). Survey respondents answered
either Yes or No to the question about whether they
would carry out each type of retrofit (Table 3). To
combine the RP and SP responses, the five retrofit
type definitions were used—roof, openings, straps,
outlets/siding (i.e., elevating outlets and appliances or
installing water-resistant insulation and siding), and
piles. For the RP question and the SP question with no
grant, if the respondent indicated yes to either feature, it
was coded as Yes. Note that, unlike in the survey data
used in Jasour et al. (2018), all respondents were asked
the SP questions and not only those who indicated it had
not been done in the RP question, and thus the coding
differs.

Of the 233 responses, there were from 213 to 219 RP
observations, and from 179 to 217 SP observations,
depending on the retrofit type and grant parameter
values (Table 3). Since few respondents (between 5%
and 18%) had installed any retrofits, and fewer still (3 of
233 individuals) had any knowledge of grant availability
at the time of installation, we assume in our models that
RP retrofits were conducted without a grant. However,
including the RP observations not only provides us with
additional information of which homeowners installed

Unauthenticated | Downloaded 10/27/21 12:50 AM UTC



38 WEATHER, CLIMATE, AND SOCIETY VOLUME 12
TABLE 3. Number of RP and SP responses for each type of retrofit and grant alternative.
Grant alternative Wind Flood
Percentage government Max
Data type PaYS XGrantPerc amount XnfaxGrant Response Roof Openings Straps Outlets/siding Piles
RP 0% 0 Yes 39 32 32 35 10
No 180 181 184 181 204
SP 0% 0 Yes 75 95 46 67 14
No 141 122 168 149 202
50% $2,500 Yes 50 58 51 32 27
No 131 124 134 156 159
100% $2,500 Yes 92 99 81 64 45
No 97 90 105 124 141
50% $5,000 Yes 64 64 48 34 23
No 115 115 131 151 162
100% $5,000 Yes 127 117 96 77 58
No 66 73 94 114 131
50% $10,000 Yes 66 66 50 38 35
No 116 114 129 146 151
100% $10,000 Yes 155 158 127 110 96
No 44 42 71 91 104

retrofits, it also allows us to obtain the current market
equilibria concerning homeowner’s probability of in-
stalling retrofits.

2) COVARIATES

In addition to the percentage of retrofit cost the gov-
ernment would pay XGrantpere and the maximum grant
amount XyaxGrant (Table 3), other covariates were cho-
sen by surveying the literature to ensure that we con-
trolled for key factors (section 4). They were also
restricted in number (to avoid overspecification) and to
avoid including highly correlated covariates. Tables 4
and 5 provide the descriptive statistics of the covariates
included in the models.

Distance to coastline x4y and location in floodplain xy;,
were determined by geocoding street addresses and
computing in GIS. The former was computed as
straight-line nearest distance to the coastline, and the
latter was computed by overlaying households on
100-yr FEMA flood insurance rate maps. Location in
floodplain xg, is only included in the retrofit models
for flood damage, as we hypothesize that being in a

floodplain should have minimal influence on the wind
damage to a house. (Preliminary analyses that in-
cluded xg, suggested that the variable was not signif-
icant in the wind retrofit models, thus supporting that
assumption.) Number of hurricanes experienced X,y
was coded categorically to reflect the assumption that
there is a big difference between having at least two
experiences versus one or no experiences. We chose
two experiences as the dividing point because most of
the survey respondents had been living in the area
since at least 2016, and thus had experienced Hurri-
cane Matthew. This value was based on the year that
the homeowner stated they began living in the area (in
answer to the question ‘““About what year did you start
living in the eastern half of North Carolina?”’) and
historical information about when hurricanes affected
North Carolina during that time. Of 214 people who
responded to the question ‘“About how many more
years do you expect to own your current home?,”” 49
(23%) responded with Forever, and so we coded the
variable future tenure categorically to reflect the dif-
ference between those homeowners who expect to

TABLE 4. Descriptive statistics for continuous covariates.

Variable Hypothesized effect® No. of respondents Mean Std dev
Xgise (distance to coastline; km) Negative 233 99.59 69.62
Xine (income®; $1,000s per year) Positive 196 98.74 74.54
Xage (age; yr) Negative 217 58.97 14.97

? Positive means that an increase in the covariate is associated with an increase in the probability of carrying out a retrofit.

® Income was asked in the survey as an interval variable but was coded in the model as a continuous variable with the values in parentheses
for each interval: $0-$15,000 ($7,500), $15,000-$35,000 ($25,000), $35,000-$50,000 ($42,500), $50,000-$75,000 ($62,500), $75,000—
$100,000 ($87,500), $100,000-$150,000 ($125,000), $150,000-$250,000 ($200,000), and more than $250,000 ($300,000).
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TABLE 5. Descriptive statistics for discrete covariates.

Variable Hypothesized effect® Levels No. of respondents
Xnum No. hurricanes experienced Positive 1: two or more 216
0: zero or one 10
Xgp Location in floodplain Positive 1: in floodplain 24
0: not in floodplain 209
Xfuttenure Length of time individual expects to stay Positive 1: forever 49
in their current home 0: otherwise 165

# Positive means that an increase in the covariate is associated with an increase in the probability of carrying out a retrofit.

live in their homes until the end of their lives (forever)
versus those who see an end to their stay in that house.

b. Multiple imputation

From the 233 respondents, data were missing in a
patchwork, not monotone, pattern. As a result, we used
multiple imputation to address the issue. Using listwise
or pairwise deletion of data would have resulted in the
removal of too many observations and could produce
potentially biased coefficient estimates (Harrell 2015).
Multiple imputation imputes m new values for each
missing value in the data, resulting in m complete da-
tasets, and unlike single imputation, multiple imputation
accounts for uncertainty around imputed data.

Using the package “mice” in the R software package
(van Buuren and Groothuis-Oudshoorn 2011; van
Buuren 2012), we generated m = 7 imputed datasets. As
recommended by Harrell (2015) and White et al. (2011),
we used all variables as predictors (including the re-
sponse variables), and the algorithm was set for 30 it-
erations. However, the missing data in the response
variables were not imputed, and observations with
missing response variables were not used in the model
estimation. The default settings of the software were
used, that is, logistic regression for the binary variables
and predictive mean matching for the other variables.
Each of the seven datasets were analyzed separately,
and then their results were combined to create one final
pooled result using Rubin’s rules (van Buuren 2012;
White et al. 2011; Miles 2016).

c¢. Combining RP and SP data: The mixed logit model

The process of combining RP and SP data and
estimating a model from the pooled data has been
used extensively in the marketing and transporta-
tion research fields (Whitehead et al. 2008). RP data,
which reflect actual market choices, can help iden-
tify market shares (Hensher et al. 2015) and are used
to obtain the current market equilibria (Swait et al.
1994). However, the trade-off information between
different attributes may be deficient because of a lack
of market availability: RP studies are, by definition,

limited to existing alternatives (Louviere et al. 2000;
Lavasani et al. 2017). The SP studies can overcome this
weakness by gathering responses to new choice situa-
tions (Lavasani et al. 2017; Swait et al. 1994). However,
using SP data on their own can give implausible fore-
casts (Brownstone et al. 2000).

Combining RP and SP data is often used to test a
consumer’s response to new alternatives (Bhat and
Castelar 2002; Brownstone et al. 2000; Hensher et al.
2008). It is also used to investigate how people’s choices
will change given new choice situations (attributes) or
information (Boxall et al. 2003; Borjesson 2008). In this
analysis, the SP survey questions provide new choice
situations (six possible grant terms) in which re-
spondents are asked whether or not they would im-
plement home structural retrofits.

Although combining RP and SP data is beneficial,
there are technical issues that need to be addressed.
The model applied to the survey data is a discrete
choice mixed logit model. The mixed logit allowed us to
combine the benefits of RP and SP data and to account
for the following three important issues (Hensher and
Bradley 1993; Hensher et al. 2008). First, because each
respondent is asked multiple questions (an RP and
multiple SP questions), the choice sets might poten-
tially exhibit correlation, and the mixed logit model is
able to account for this panel data (compared to a
nested logit model). Second, joint estimation of RP and
SP data causes a potential “‘state dependence” effect,
because the actual choice made (as captured in RP
data) can influence a person’s choice in hypothetical
situations (as captured in SP data). It is possible that
the state dependence might be positive for some in-
dividuals and negative for others (Bhat and Castelar
2002). Third, scale differences may exist between RP
and SP data. Since RP and SP choices are made under
different circumstances, both of which contain factors
unobserved by the analyst that can influence choice,
there is no reason to believe that the variance of the
unobserved factors in each of these settings will be the
same (Bhat and Castelar 2002). There is no a priori
theoretical basis to suggest whether the RP error term
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or the SP error term will have a larger variance, but the
model should account for their differences.

The full formulation of the mixed logit model is given
as in Bhat and Castelar (2002) and Hensher et al. (2008).
Equations (1) and (2) are the models for the utility
associated with retrofitting against flood damage for

U.

Ti
Up=o [(1 ~ Krpi) (;{ KRpis Yijs>:| +ey, for

where U, is the utility of individual i choosing alter-
native j in choice situation ¢, ASC;; are alternative-
specific constants (ASCs), XGrantperc,ij¢ i the percentage
of the cost that the government would pay to individual
i choosing alternative j in choice situation ¢, XyaxGrant,ijs
is the maximum value of the grant in thousands of
dollars that the government would pay to individual i
choosing alternative j in choice situation ¢, ¢; is the
individual-specific state-dependence effect that maps
the effect of the RP choice of an alternative into the
utility evaluation of that alternative in the SP choice
situation, kgp ; is a dummy variable that is equal to 1 if
tis an RP choice situation for individual i and 0 if not, Y
is a binary variable with value 1 if individual i chooses
alternative j in the sth choice situation and 0 otherwise,
T; is the total number of observed choice situations for
individual i, and &;;, is an unobserved random term. All
other covariates have been defined in section Sa.
State dependence is defined by the term

T‘.
; |:(1 - KRP,it) <; KRP,is Yijs>:|

in Egs. (1) and (2). Note that for each RP choice situa-
tion, since krp,; = 1, the entire term reduces to zero. In
addition, the summation is 1 if individual i chose alter-
native j in the RP situation and 0 otherwise. Thus, the
term as a whole has the effect of adding ¢; to the utility
equation for alternative j in each SP choice situation if
individual i chose j in the RP choice situation; it has no
effect on any other utilities.

To address the issue of scale differences between the
RP and SP choice situations, the scale parameter of the
RP dataset is normalized to 1, and the scale parameter of
the SP data A, is defined as
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ijt = ASC[j + BGrantPerchrantPerc,ijr + BMaXGrameaxGrant,ijr

+ Bagexage + Bfunenurexfutlenure,i + (pi |:(1 - KRP,it) <2
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individual i choosing alternative j = Yes and j = No,
respectively, in choice situation ¢ [the equivalent model
for the utility associated with retrofitting against wind
damage (i.e., roof, openings, and straps) is similar, ex-
cept that it does not include the covariate of the location
in a floodplain (xg,), which accounts for flood damage]:

+ Bnumxnum,i + Bdistxdist,i + prxfp,i + Bincxinc,i

Ti
—~ KRP,isYijs>:| + 8,']‘[, for j: Yes and (1)
j = NO, (2)
Ay =[(1 = Kkgp Al + Kgp o 3)

where A, the SP scale relative to RP, is estimated. In the
mixed logit model, A is estimated by introducing a set of
ASCs into the SP data that have zero mean and free
variance osp (Hensher et al. 2008; Hensher et al. 2015).
Then, A = 7/(6"%0sp) is inversely proportional to the
estimated standard deviation of the dummy variable of
the SP choice situation osp, according to the extreme
value type-I distribution (Hensher et al. 2008).

With these utility evaluations, the probability that
individual i chooses to retrofit his home in choice situ-
ation ¢ is (Train 2009)

exp( Ui,j=Yes,t)

) +exp(U.

P(y,=Yes)= y
i,j=No,t

(4)
exp( Ui,j:Yes,l

The discrete choice models were fitted using the
package “gmnl” in R. Results from the imputed dataset

were pooled using R and Microsoft, Inc., Excel.

6. Results
a. Model fit

Table 6 summarizes the results of the retrofit decision
model for each of the five damage types. It shows that
the mean of the state-dependence variable ¢; is signifi-
cantly positive in all damage models except roof (p <
0.05 for openings and outlets/siding models, and p < 0.01
for straps and piles models). This indicates that if the
homeowner had previously retrofitted their home (re-
vealed preference), then they were more likely to state
that they would carry out retrofits in stated-preference
choice situations. Similarly, if they had chosen not to
retrofit their homes in the past, then they were less likely
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TABLE 6. Results of retrofit decision models for different damage types.

Roof Openings Straps Outlets/siding Piles
Covariate Coef*  p value Coef p value Coef p value Coef p value Coef p value
ASC: “Yes”-RP 18.015 0961 15325 0947 16.758 0932 17431 0.957 17.240 0.862
Grant characteristics
Grant percentage XGrantperc 3.035%#%  (.000 2.631%** (0.000 4,051+ 0.000 2.261%#*=  (0.000 5.033%#%  (.000
Max grant value XyfaxGrant 0.111%#*+*  (0.000 0.079***  (0.001 0.109%#*  (0.000 0.047 0.074 0.238##*  (0.000
Other characteristics
No. of hurricanes X,um —1.228**  0.030 —0.604 0275 —1.520*%*  0.027 —0.680 0.345 —1.856* 0.090
Distance from coastline xg;; —0.006%*  0.021 —0.006%** 0.004 —0.011*** (0.001 —0.007*** 0.010 —0.015%** 0.007
Location in floodplain xg, —0.713 0.315 0.618 0.557
Income x;nc 0.000 0.979 0.000 0.836 0.002 0.526 —0.003 0298 —0.002 0.686
Age Xage -0.019**  0.036 —0.017**  0.048 —0.020* 0.079 —0.025*%*  0.024 —0.052*** 0.007
Future tenure Xy enure 0.440 0.353 0.242 0.552 0.095 0.874 0.513 0.293 1.298 0.183
State-dependence effects ¢;
Mean 0.204 0.416 0.566**  0.026 1.654%**  0.000 0.621%*  0.032 2.270%**%  (0.003
Std dev 0.680 0.305 0.507 0.432 0.846 0.427 0.192 0.797 1.010 0.469
SP-to-RP scale factor
Std dev of SP ASC 2.547%*=% (0.000 2.412%*% (0.000 3.151%#=  (.000 2.769%*% (0.000 3.957##% (0.000
SP scale relative to RP A 0.503 0.532 0.407 0.463 0.324
Sample size 1558 1550 1547 1569 1562
McFadden pseudo R? 0.328 0.314 0.429 0.332 0.451

#The symbols *, ** and *** indicate significance levels of 0.1, 0.05 and 0.01 respectively.

to state that they would carry out retrofits. The standard
deviation of the state-dependence variable was not sta-
tistically significant, indicating a lack of evidence that the
state-dependence effect differs across individuals. The SP
scale parameter (relative to RP) was not only significantly
positive but also less than one in all five hurricane damage
models (Aroor = 0.503, Aopenings = 0.532, Asiraps = 0.407,
AOullets/Siding = 0463, and )\Pi]es = 0324), indicating that
the error variance in the SP choice situation is higher
than in the RP choice situation. This shows that the
unobserved factors affecting RP and SP choices are
different and should be accounted for.

b. Impact of incentives

One of the main focuses of this research is to analyze
how incentives, and in particular, the different ways of
structuring grants, impacts the decision of homeowners
to retrofit their homes. Table 6 shows the estimates
of the parameters associated with the percentage of
retrofit cost covered by the grant Xgrangperc and the
maximum dollar amount that is covered by the grant
XMaxGrant- 1N addition, we also used our model results to
calculate the choice probability of households making
the decision to carry out structural retrofits on their
homes. Assuming that each household is facing an actual
choice about whether to carry out structural retrofits to
their homes (i.e., a revealed-preference choice), we use
the survey data and the parameter estimates from each

model to calculate the utility of each individual assuming
that they were offered a grant with differing percentage of
retrofit cost covered (0%, 50%, and 100%), and different
maximum cost covered ($2,500, $5,000, and $10,000).
Because of our assumption, we do not consider either the
state dependence or the scale difference between RP and
SP data. These utilities are then used to calculate the
choice probability of the individual, as in Eq. (4). The
aggregate of the choice probabilities is reported in Fig. 1.
In line with Jasour et al. (2018), Ge et al. (2011), Poussin
et al. (2014), and Viasquez and Mozumder (2017), we
found that offering incentives does increase the proba-
bility that a homeowner will make the decision to retrofit
their home. This is especially clear when looking at Fig. 1,
where any grant offered results in a substantial increase in
the probability that households choose to retrofit. Across
the specifications and retrofit types, offering a grant results
in a probability of retrofitting that is an average of 3 times
as high as without a grant. Even the least generous grant
(50% up to $2,500) increases the retrofit probability by an
average factor of 1.7 (from 1.3 for outlets/siding to 1.9 for
piles). These results agree with hypotheses H1 and H2.
When looking specifically at the structure of grants,
we found that increasing the percentage of the retro-
fit cost that is covered by the grant significantly in-
creases the probability of retrofitting the home against
all damage types (positive coefficient and p < 0.01
for all models). As the coefficients of a mixed logit
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model are difficult to interpret, direct marginal effects
were computed for the covariates that are statistically
significant at « = 0.1 (Table 7). The direct marginal
effect of a particular covariate for alternative j is the ef-
fect that a unit increase in that covariate has on alterna-
tive j. Since the marginal effect for each observation is
different, Hensher et al. (2015) recommends using the
probability weighted sample enumeration method, where
the weighted average of the observations is taken, with
the weights defined as the choice probabilities.

The marginal effect results suggest that increasing the
percentage of retrofit cost covered by the grant would
substantially increase the probability of undertaking any
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FIG. 1. Probability that household would retrofit
based on percentage and maximum value of cost cov-
ered by grant.

of the retrofits, with the greatest impact being on the
probability that homeowners elevate their homes on
piles to prevent flood damage, and the least impact on
the probability that the homeowners would elevate
outlets and appliances above flood level or install water-
resistant insulation and siding. One explanation for this
could be the cost of doing these retrofits; since elevating
the entire home on piles is expensive, having a grant that
would pay for 50% or even 100% of the cost would
greatly reduce the financial burden on the homeowner.
Note that the relatively high marginal effect values of
grant percentage on the probability that the homeowner
retrofits are because a unit increase in grant percentage

TABLE 7. Marginal effects for covariates that are statistically significant at « = 0.1.

Attribute Roof Openings Straps Outlets/siding Piles
Grant percentage XGrantperc 0.753 0.699 0.960 0.687 1.515
Max grant value XyfaxGrant 0.027 0.021 0.026 0.014 0.072
No. of hurricanes x,um, —0.305 —0.360 —0.558
Distance from coastline xgjs —0.001 —0.002 —0.002 —-0.002 —0.004
Age X,ge —0.005 —0.005 —0.005 —0.008 -0.016
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is essentially a 100% increase in the retrofit cost that is
covered by the grant.

Increasing the maximum cost covered by the grant
also significantly increases the probability that the
homeowner would retrofit their home in all models
(positive coefficient; p < 0.1 for outlets/siding model;
p <0.01 for all other models). A unit increase ($1,000)
in the maximum grant value leads to an increase of
about 0.02-0.03 in the probability of undertaking a
retrofit to mitigate against wind damage. This effect is
higher (0.07) for elevating homes. Again, this might be
due to the cost of elevating a home on piles being much
greater than that of the other retrofits, such that in-
creasing the maximum cost covered by the grant would
significantly affect how much the homeowner has to
pay out of his’/her own pocket. Alternatively, there
might be some other nonmonetary reasons homeown-
ers do not want to carry out retrofits, such as perceived
time and effort involved (Lindell et al. 2009). Or they
might find that installing hurricane straps or shutters
will make the home look unattractive, such that even
offering more money would not convince them to
carry out these retrofits. These ideas offer areas of
future study.

There are no combinations of grant structures that
result in 100% of homeowners retrofitting their homes.
Again, this indicates that there are other nonmonetary
reasons or attributes of the structural retrofits that
would cause homeowners to refuse to carry out struc-
tural retrofits. Additional research into these aspects
would be useful for government agencies that aim to
encourage homeowners to carry out hurricane damage-
mitigating retrofits.

c. Impact of other covariates

We find that the number of hurricanes experienced
by a household x,,,, has a significant negative effect on
the probability that a household decides to strengthen
their roof (p < 0.05), install hurricane straps (p < 0.05),
and elevate their home on piles (p < 0.1) but no sig-
nificant effect on the probability of undertaking other
retrofits. This is similar in part to the conclusions
drawn by Jasour et al. (2018) but contrary to Peacock
(2003), Grothmann and Reusswig (2006), Petrolia et al.
(2015), Ge et al. (2011), and hypothesis H3. While we
hypothesized a positive effect, this negative effect
might be due to the household thinking that if their
house has gone through numerous hurricanes without
requiring a lot of repairs, then they might become less
likely to want to retrofit their homes, thinking that such
retrofits are not necessary. There are many dimensions
to the role of prior hazard event experience, such as the
number and recentness of events, and the severity and
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nature of the event’s impact (Demuth 2018). Sorting
out the influence of each merits further study.

In line with Peacock (2003), Petrolia et al. (2015), Ge
et al. (2011), Jasour et al. (2018), and hypothesis H4,
a household’s distance from the coastline, xg4;, had a
significant negative impact (p < 0.05 for the roof model;
p < 0.01 for all other models) on the probability that a
household decides to carry out structural retrofits in all
hurricane damage models. However, counter to Poussin
et al. (2014) and hypothesis H5 but in keeping with
Jasour et al. (2018), we found no significant impact of a
household’s location in a floodplain (x,) on the decision
to carry out structural retrofits against flood damage.

Contrary to Peacock (2003), Grothmann and Reusswig
(2006), Jasour et al. (2018), Ge et al. (2011), and hy-
pothesis H6, but in keeping with Petrolia et al. (2015)
and Poussin et al. (2014), we found no significant im-
pact of income (x;,) on the likelihood that households
would implement structural retrofits. This is an inter-
esting finding especially when taken in combination
with the result that when offered money (through grants),
homeowners are more incentivized to carry out structural
retrofits to their homes. This result might suggest that
homeowners do not feel they have disposable income
to spend on mitigation (Petrolia et al. 2015), but if
provided with money that does not need to be returned,
they are willing to implement the retrofit. Of course, a
lack of evidence in this sample does not necessarily
indicate a relationship does not exist, just that it was
not evident in this analysis.

In line with Ge et al. (2011), hypothesis H7, and par-
tially with Jasour et al. (2018), but contrary to Poussin
et al. (2014), Grothmann and Reusswig (2006), and
Peacock (2003), we find that age x,. has a significant
negative effect (p < 0.1 for the straps model, p < 0.01 for
the piles model, and p < 0.05 for all other models) on the
probability of carrying out structural retrofits. Counter
to hypothesis HS8, the expected future tenure (X¢uyenure)
was not found to have any significant impact on the
probability of carrying out retrofits on the home.

7. Conclusions

In this paper, we extended the work of Jasour et al.
(2018) by using a new dataset and focusing on the impact
that different government grants have on the likelihood
that a household will carry out structural retrofits to
mitigate against wind and flood damage caused by hur-
ricanes. We combined revealed- and stated-preference
data and developed separate mixed logit models that
address five different types of hurricane damage.

Multiple state and local programs (as described in
section 2) now offer monetary incentives to encourage
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homeowners to strengthen their homes so as to mini-
mize damage from natural hazard events. Nevertheless,
there has been little study of the influence of these in-
centives on homeowner decision-making. As such pro-
grams are developed and expanded, it will be important
to understand how much should be spent on such pro-
grams, how effective they are at increasing retrofits and
reducing risk, and how they can be best structured and
targeted so as to maximize their positive effect. This
study adds to the modest literature on the topic by fo-
cusing on the effect of grants on hurricane damage.

Our analysis indicates that offering a homeowner a
grant significantly increases the probability that he will
retrofit his home. In addition, increasing the percentage
of retrofit cost covered by the grant or the total amount of
the grant both result in homeowners being more likely to
retrofit their homes, with the former having a greater
impact on this probability. In the end, the best grant
program structure depends on the government budget
and the relative costs of increasing the percentage and
maximum grant amount in addition to the effect of each
of those parameters on homeowner retrofit rates.

The results also indicate that there is no grant struc-
ture that would likely convince every homeowner to
retrofit their house and that the retrofit rates vary by
specific retrofit type (e.g., strengthening roof vs pro-
tecting openings). This suggests the important conclu-
sion that there may be other nonmonetary aspects that
influence a homeowner’s retrofit decision in addition to
cost. Finally, our models suggest that there is a tendency
for homeowners to be less likely to retrofit their homes if
they have experienced more than one hurricane.

As with any study, there are limitations that require
note as we interpret the results and point to areas of
future study. First, the analysis would be improved
with a larger sample that extends across a larger geo-
graphic region and includes better representation of
nonwhite residents. The occurrence of Hurricane
Matthew a few months before the survey also may have
influenced the responses in ways that are difficult to test
without expanding the sample. Second, the suggestion
that nonmonetary attributes of the retrofits themselves
(as opposed to the homeowners) may influence their
adoption merits further study. It would be helpful to
understand which additional attributes are important.
For example, if understanding how the retrofit works is
important, that might suggest additional education ef-
forts, or if the effect on a home’s attractiveness is im-
portant, it may suggest new designs or focus on other types
of retrofits. Third, the role of prior experience of hazard
events deserves more attention to determine which as-
pects of the experience—recentness, frequency, intensity,
or type—if any, influence retrofit decisions. Last, this

VOLUME 12

analysis focused on the effect of monetary incentives on
homeowner decisions related to their existing homes, but
similar analyses could be conducted to investigate the
possible influence of economic incentives to encourage
construction that exceeds building code standards at the
time of construction or the possible influence of economic
incentives for developers rather than homeowners.
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