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ABSTRACT

We estimate the demand for homeowners insurance in Florida and New
York with indicated loss costs as our proxy for the quantity of real insurance
services demanded. We decompose the demand into the demand for cover-
age of catastrophe perils and the demand for noncatastrophe coverage and
estimate these demand functions separately. Our results are relatively consis-
tent in New York and Florida, including evidence that catastrophe demand
is more price elastic than noncatastrophe demand. We also find evidence that
consumers value options that expand coverage, buy more insurance when it
is subsidized through regulatory price constraints, and consider state guar-
anty fund provisions when purchasing insurance.

INTRODUCTION

The threat of mega-catastrophes striking major population centers has altered the
insurance environment over the last decade. Probable maximum losses estimates
from a catastrophe striking the United States range up to $100 billion depending on
the location and intensity of the event (Grace, Klein, and Kleindorfer, 2001). While
insurers’ capital increased and they have employed other measures to increase their
security against catastrophe losses, a severe disaster could still have a significant
financial impact on the industry (Cummins, Doherty, and Lo, 2002).

We explore insurance markets threatened by natural disasters concentrating on the
demand for residential/catastrophe insurance. Among the phenomena, we seek to
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illuminate are the sensitivity of demand to prices, income, and policy features. Fur-
ther, we examine insurer and consumer decisions in different market and regulatory
environments—Florida and New York—over a 4-year period.

Our analysis of the homeowner insurance demand yields a number of interesting
results. First, for both New York and Florida, catastrophe coverage is more price
elastic than for noncatastrophe coverage. Second, we find that the income elasticities
are generally inelastic and, for the case of New York, insurance is an inferior good. We
also find that rate compression by regulators increases the demand for insurance in
both state markets. Further, regulation has had a bigger impact in the Florida market
where rate compression has been more severe. We also find evidence consumers
consider guaranty fund provisions when purchasing insurance. For Florida, we find
high-quality solvency prospects (measured by A. M. Best Ratings) are more important
for consumers who may have claims above the Florida guaranty fund coverage limits
than for those consumers who would not have claims above the coverage limit.

The article proceeds as follows: the next section describes the data and the definitional
issues of price and quantity; the third section contains a description of the methodol-
ogy and the results; and the final section summarizes the results of our analysis.

THE DEMAND FOR HOMEOWNERS INSURANCE

We obtained information from a group of primary insurers writing business in Florida
and New York that report premium and exposure data to the Insurance Services
Office (ISO). The data set contains homeowners’ premium and exposure data for
60 companies, comprising 20 groups, taken as a snapshot in the first quarter of each of
the four years, 1995–1998. Each record contains “slightly aggregated” information on
similar groups of policies in every zip code where reporting companies operated. The
information contains data regarding the characteristics of the policies purchased by
homeowners for each company, including premiums, structural information about the
insured property, and coverages purchased. Additionally, we have compiled financial
and organizational data on the insurers in our sample (from the NAIC and A. M. Best),
as well as household economic and demographic data (from the 1990 census) by zip
code.

Defining Price and Output
“Price” for insurance is defined on the basis of value-added per unit (in this case, per
dollar) of output. This value-added measure of price can be captured by subtracting
the discounted value of expected losses covered by the policy from the policy’s pre-
mium.1 Denoting by L(F, Z) the expected losses for a policy h with features F, insurer
firm characteristics X, neighborhood characteristics Z, and by P(F, X, Z), its premium,
we obtain the following definition of price P(F, X, Z) for a homeowners’ policy:

P(F, X, Z) = P(F, X, Z) − PV(L(F, Z))
PV(L(F, Z))

= (1 + r )P(F, X, Z) − L(F, Z)
L(F, Z)

, (1)

where PV(L(F, Z)) = L(F, Z)/(1 + r) is the present value of expected losses on the
policy for the policy period and “r” is the insurer’s return on equity for the period.

1 Note that we do not consider the effects of taxes in this model.
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L(F, Z) is the indicated loss costs (ILCs) per unit of coverage for the policy features
(F) and structure and neighborhood features (Z) in question. The ISO data provide
information on the premium charged for each policy (or group of identical policies),
“r” is the average ratio of investment income to earned premiums for insurers, and
L(F, Z) represents the advisory ILCs, as computed using ISO filed loss cost manuals
and rules, for the policy characteristics (F, Z).2

Using ISO loss cost filing information on catastrophe loss costs and noncatastro-
phe loss costs, we calculated an expected ILC for each contract in our database. ISO
employed Risk Management Services and its CAT model to develop the catastrophe
portion of the ILC. The ISO-estimated noncatastrophe ILCs are based on standard ac-
tuarial analysis of historical data and cost trends. The database allowed us to compute
an expected annual loss for each possible combination of location, policy form, and
additional contract terms.

ILCs for a policy are estimates of the expected claims costs (including claims adjust-
ment expenses) of coverage under the terms of a policy for a particular house. Thus,
ILCs proxy for the amount of insurance embodied in a specific policy. One could also
employ the coverage A limit to proxy for the insurance embodied in a policy. How-
ever, while this limit reflects the replacement cost of the home, it does not necessarily
reflect the risk of loss to the home. The limit reflects the maximum possible insured
loss rather than the expected loss.

We estimate three demand equations. The first is for the catastrophe coverage and the
second is for the noncatastrophe coverage. The third is for both coverages combined.
These demand equations are all of the following general form:

L(F, Z)i=C, NC, TOT = β1i F + β2i Z + β3i X + β4i P + ei , (2)

where L(F, Z)i reflects the quantity demanded of real services measured by the ILCs for
catastrophe (C), noncatastrophe (NC), or total coverage (TOT), F represents a vector of
policy form terms, Z represents a vector of neighborhood characteristics, X represents
a vector of company characteristics, and P represents price.

Table 1 summarizes the contract features. The HO3 policy is the typical contract sold.
It has coverages for the home and attached structures, detached structures, personal
property, loss of use, personal liability, and medical payments to others. The HO5
policy offers broader coverage than an HO3 policy. The HO3 policy provides named-
perils coverage for personal property; the HO5 policy provides open-perils coverage
on personal property.3 The third most relevant policy form HO8 covers a more limited
set of named perils than HO3 policies. HO1 policies (sold in only a few states including
New York) are similar to the HO8 policy, but do not cover personal property. The HO2
policy is more akin to the HO3 policy but does not cover personal property.

For appropriate contracts, consumers choose to purchase actual cash value or re-
placement cost coverage on personal property. Ordinance or law coverage is typically
chosen as an endorsement on HO3 policies while it is a standard coverage in HO5

2 We discuss the ISO procedures briefly in Grace et al. (2003).
3 It is possible to purchase an HO15 endorsement on an HO3 policy to replicate the coverage

provided by an HO5 policy—we treat the HO3/HO15 combination as an HO5 policy.
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TABLE 2
Mean Prices and Premium Level for Various Policy Forms in New York and Florida

Florida

HO2 HO3 HO5 HO8

No. of contracts 4,381 977,850 71,659 210
Percent of contracts 0.42% 92.77% 6.80% 0.02%
Premium $443.81 $704.17 $1,038.85 $490.53
Price 1.452 1.2682 1.0255 1.777

New York

HO1 HO2 HO3 HO5

No. of contracts 8,847 473,487 1,675,717 172,897
Percent of contracts 0.38% 20.31% 71.89% 7.42%
Premium $492.84 $639.59 $869.01
Price 2.047 1.634 1.308

policies.4 Finally, there is a wind credit that consumers in Florida can obtain if they
install specified mitigation features, such as storm shutters or roof straps.

Table 2 shows descriptive statistics on the contracts in our data. We see that HO3
contracts make up the majority of contracts written in both states. Overall, HO3
contracts account for approximately 92 percent of all contracts written in Florida by our
sample companies. The other policy forms account for the remainder of the transac-
tions sampled. In New York, the same pattern is evident where HO3 is the most
common contract. HO3 polices account for 71.9 percent followed by HO2 polices
which account for 20.3 percent.

In both states, the average premium (total premiums divided by insured house years)
by policy form increases with the scope of coverage. This makes intuitive sense. Fur-
ther, the average price varies by policy form.5 The average price decreases as the
scope of coverage increases. This is what one would expect as there are certain fixed
expenses in servicing a given policy that would not increase as the underlying loss
cost increases.

DEMAND ESTIMATION FOR HOMEOWNERS INSURANCE POLICIES

We estimate the demand at the level of the zip code using two-stage least squares re-
gression. The ISO data are available for nearly 900,000 house-years in Florida, 220,000
house-years for each of the 4 years studied. In Florida, we have approximately 663,500
usable house years over the 4-year period. Some data are excluded due to incompat-
ible records, the generation of new zip codes over the reporting period (making their

4 Ordinance or law coverage will upgrade a rebuilt house after a covered loss to the current
building code. Without the coverage, the house will be “repaired” or rebuilt according to code
only as long as doing so does not exceed the coverage A limit on the policy.

5 We actually use PRICE1 = 1 + PRICE = [(1 + r)(Premiums − ILC)]/[ILC] as our price variable;
adding 1 to PRICE simply assures that our price measure in Equation (3) is always positive.
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integration with the collateral census data difficult), and missing information on some
records. For New York, there are 2,335,000 house-years. By aggregating to the level of
the zip code we can obtain data sets that are more easily managed. Further, by match-
ing with census zip code level data we are using the same unit of analysis for all of the
data. When these data are aggregated to the contract type, firm, and zip code level,
approximately 46,000 observations in Florida and some 70,000 unique observations
in New York are obtained.6

An issue with our estimation is that the demand for homeowners insurance is derived
from the demand for housing. We account for the housing demand by including the
value of the insurance contract’s coverage A limit, which reflects the value of the
individual’s house as an endogenous variable. Factors expected to influence housing
demand include such zip code characteristics as median income and census reported
household characteristics, and these are used as instrumental variables in our two-
stage least squares estimation below.

Table 3 provides the descriptive statistics for Florida and New York based on the data
used in our analysis. Note that average premiums and loss costs are higher in Florida
than in New York. Also, as in Table 2, the measure of price (PRICE + 1) is greater in
New York than in Florida. In addition to the effect of fixed expenses (in relation to
increasing loss costs), greater rate suppression in Florida could contribute to its lower
average price mark-up.

ESTIMATION OF QUANTITY DEMANDED

We estimate the model using company fixed effects using the ILCs (in the logged
form) as our proxy of the quantity of insurance demanded and PRICE1 in the logged
form as our proxy for price. We estimate several endogenous variables. While PRICE1
is estimated endogenously, we also account for several other endogenous variables
including house value, deductibles, and the choice to invest in wind protection
devices.7

Since we wish to estimate the demand for catastrophe coverage as well as the de-
mand for noncatastrophe coverage, we computed separately the catastrophe and

6 A reviewer raised concerns about the level of aggregation of the analysis. We undertook to
examine the data at the level of the individual contract, but the size of the dataset made the
problem impossible. To assess the degree of potential aggregation bias, we estimated a model
for New York based on a random sample of contracts and found results quite similar to those
reported in Table 6. In Florida, we estimated a more parsimonious model and also obtained
similar results to those in Table 6. Thus, our results at the zip code level appear robust against
aggregation bias.

7 In the first stage regression, lnprice1 is estimated as a function of type of house (brick, frame,
fire resistant), type of contract (HO3, HO5, HO8), year of construction, other contract terms,
neighborhood variables such as percent of area that is urban, percent of homes with mortgages,
median income, percentage of homes with kitchens, percentage of home with plumbing,
percentage of homes using electric or oil heat, percentage of retirees, percentage of homes
with city water, and firm specific variables such as A. M. Best rating, four state geographic
concentration, the firm’s percentage of business in the top four lines written, the ratio of
homeowners underwriting expenses to total underwriting expenses, and size of the firm in
terms of total assets.
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noncatastrophe portions of ILCs for each policy in the sample.8 Thus, we think of the
homeowners’ policy as a joint (or bundled) product where the coverage for the catas-
trophe peril and the coverage for noncatastrophe perils are typically not always com-
bined in the same contract. Further, consumers can vary or tradeoff the amounts
of their catastrophe coverage and noncatastrophe coverage in their choice of cov-
erage provisions. By estimating the two demands separately, we are acknowledg-
ing that different factors may affect the demands for insurance for these two sets of
perils.9

Before examining the results in detail there are three sets of coefficients from our results
in Tables 5 and 6 we wish to highlight. The first is the price elasticity of demand.
The coefficient on the log of PRICE1 (column 1) for the total demand equation is
−1.079. This is somewhat elastic. However, if we decompose the price sensitivity of
demand for catastrophe coverage, shown in column 4, we see that it is even more
elastic with an estimated coefficient of −1.915.10 In contrast, the price elasticity for

8 The decomposition ILC has become a standard feature of advisory loss cost filings and insurer
pricing. The term “CAT loading” is sometimes used to characterize the catastrophe component
of the expected loss cost. Because catastrophes occur infrequently, modeling techniques must
be used to calculate catastrophe loadings, as analysis of historical data is insufficient for
this purpose. The CAT expected loss costs used in this study were computed from the RMS
catastrophe model in support of ISO loss cost estimations. While proprietary, more information
is available at http://www.rms.com/Catastrophe/Models/.

9 The demand curve is identified by the rank and order conditions. The variables used to
estimate the price equation were inadvertently left out from the text and thus some confusion
arose about the specification of the model. A further source of confusion is that the author
responding to the review misinterpreted the reviewer’s comment in the previous round.
However, to make it clear we have two equations:

log(price1) = α + βp X + γ G + η,

log(Q) = δ + βq X + φZ + ωE + ϕ log( ̂price1) + ε,

where log(price1) is the first stage regression and log( ̂price1)is the estimate of the log(price).
X is a vector of variables common to both the and quantity and price equations, G is a vector
of variables belonging solely to the price equation, Z is a vector of variables belonging solely
to the quantity equation, and E are other endogenous variables. Z which is solely in the price
equation is {Percentage of homes with full plumbing, percentage of homes with traditional
fuel (oil, gas, electric) heat, percentage of homes with city supplied water, the supplying firm’s
ratio of homeowners expenses to total expenses from the NAIC Insurance Expense Exhibit,
4 line firm concentration ratio, 4 state firm geographic concentration}. W, which is solely
for the demand equation, is {the log of premiums written for automobile insurance by the
insurer and the log of life premiums written by a sister life insurance company}. E is the
set of other endogenous variables {value of coverage A, windstorm device, fire, and wind
deductibles}. The set of these endogenous variables is also unique to the demand equation.
Using the method suggested by Maddala (1992), we conclude the demand equation satisfies
the rank order conditions for identification.

10 Note here that the price elasticity measures for CAT and non-CAT are not defined in the
traditional way. For example, since we only have a price variable for the total price (the price
of CAT and non-CAT coverage bundled together), our elasticity is actually the percentage
change in total price over the percentage change in the quantity demanded of catastrophic
coverage (or noncatastrophic coverage).
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TABLE 4
Demand Elasticity Estimates

Price Elasticity Absolute Value of Elasticity Citation

Life 0.26–0.49 Babbel (1985)
Long-term care 0.75–1.25 Cohen and Weinrobe (2002)
Individual health 0.17 Marquis and Long (1995)
Auto 0.57 Jaffee and Russell (1996)
Home Grace, Klein, and Kleindorfer

Florida 1.08 (current study)
New York 0.86

National flood insurance 0.32 Browne and Hoyt (2000)
Crop insurance 0.14–0.33 Barnett and Skees (1996)

Income Elasticity Actual Value of Elasticity Citation

Life 0.006–0.008 Babbel (1985)
Long-term care None estimated
Individual health 0.15 Marquis and Long (1995)
Auto 0.16–1.71 Sherden (1984)
Home Grace, Klein, and Kleindorfer

Florida 0.06 (current study)
New York −0.03

National flood insurance 3.00 Browne and Hoyt (2000)
Crop insurance None estimated

noncatastrophe coverage (column 9) is approximately −0.40, which is inelastic. We
see this same pattern in Table 6 for the New York results. However, in general, the
demand for total insurance and its components is less price elastic in New York than in
Florida.

DISCUSSION OF INCOME ELASTICITY

Table 4 compares our estimated elasticities with published results for other lines of
insurance. Our price elasticities are generally higher than those reported for other
lines of insurance. In terms of income elasticity our results seem to be in the same
range as those reported by previous research. However, these results are not neces-
sarily comparable. None of these studies, with the exception the individual health
insurance study (Marquis and Long, 1995), use a relatively fully specified model with
endogenously determined prices. In addition, each study uses different definitions of
price and output, which further reduces direct comparisons.

In our sample, we have 60 companies over the 4 years. In Florida, this represents
about 30 percent of the total homeowners’ premiums written in each year. In New
York, our sample companies write about 35 percent of the market. The firms in our
sample may be significantly different than the other firms in the market. We control
for this probability by estimating a probit regression that attempts to classify those
companies that are in our sample, i.e., they are companies that report data to ISO. This
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selection model employs firm specific characteristics to determine whether the firm
is an “ISO Reporter.”11

From this regression, we obtain the inverse Mills ratio for each observation (λ) from
the estimates of the probit regression (Green, 2000). This variable can be employed in
the demand equation to account for the fact that only some firms report to ISO. In our
model, the coefficient on λ in the demand equation represents the effect on the quantity
demanded for a firm that reports data to ISO. If the coefficient is positive (negative),
then the mean level of demand is higher (lower) relative to firms not reporting to ISO,
all other things being equal.

For our Florida results, in Table 5, the selection indicator (λ) is significantly negative
for catastrophe coverage, thus implying that consumers are less likely to demand
catastrophe coverage from ISO reporting companies than from non-ISO reporting
companies. However, our selection indicator is significantly positive for noncatastro-
phe, implying that consumers are more likely to demand noncatastrophe coverage
from ISO reporting companies. Overall, we see that the selection indicator is not sig-
nificantly different from zero. Thus, the opposing effects of selection are netted-out in
the overall demand for homeowners’ insurance in Florida. In Table 6, we see the same
results for New York—the selection parameter is negative for catastrophe demand
and positive for noncatastrophe coverage catastrophe and noncatastrophe coverage
combined. For the overall level of demand for catastrophe and noncatastrophe cover-
age combined, the coefficient for pour selection variable takes a positive sign for both
Florida and New York, but is only significant for New York.

FLORIDA RESULTS

Insured Risk Characteristics
First, we construct variables based upon the standard base loss costs for a particular
type of home with a given set of coverages in a zip code. This base loss cost is employed
to provide an index for the level of risk in the zip code. We calculate four indicator
variables based on the standard loss costs based on whether the zip code is above (or
below) the median standard loss costs for CAT loss costs or non-CAT loss costs. Thus,
we have HH (above median for both CAT and non-CAT standard costs), HL and LH
(above median for one, but not the other), and LL (below median for both CAT and
non-CAT standard loss costs). In Florida, the HH zip codes are in South Florida and in
the Tampa-St. Petersburg-Clearwater area. In contrast, the LL area is north and central
Florida.

We hypothesize that higher risk areas will have higher demand for coverage, all
other things being equal. We see this is true for those zip codes that have above
median costs for both CAT and non-CAT risks. The HL and LH indicator variables
are not significant for overall demand. However, we see that all three “risk” variables
are significantly related to the demand for catastrophic coverage. In contrast, for

11 The regression we estimate is: Probit [(ISO Reporter and Participant) = 1, 0 otherwise] = f (log
of total assets, log of Florida homeowners premiums, Best’s Capital Adequacy Ratio, business
concentration ratio (top four lines), geographical four state concentration ratio, percent of
claims paid within 2 years, percent of claim value paid within 2 years, Stock Dummy, Direct
Writer Dummy, and year dummies).
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noncatastrophic coverage all three are significant, but the HL (above median for CAT
and below median for non-CAT) is negatively related to the demand for coverage.

In estimating the effect of the construction type, superior fire resistant (SFR) homes are
treated as the base case in our specification of dummy variables (i.e., SFR is omitted
to avoid multicollinearity with indicators for other construction types). A priori, one
would expect demand to be lower for the SFR homes if fire risk was a major component
of the insurance demand. Thus, we would hypothesize that consumers with wooden
frame homes would have a higher demand for insurance than consumers with SFR
homes. Our results support this hypothesis. Further, this relationship is strong and
significant for both catastrophe and noncatastrophe coverage.

For brick construction, we see a positive and significant relationship for the overall
demand and for demand both catastrophe and noncatastrophe coverage. Relative
to owners of SFR homes, owners of brick homes tend to have a higher demand for
insurance.

The protection code is the ISO-designated rating of the local community’s fire and
police protection. A higher code means the protection level is lower and implies that
risk is higher. We find that as the protection code increases (public services are of
lower quality), the demand for insurance increases.

Contract Terms
In addition to price, there are a number of other variables reflecting various contract
choices. The first is policy type. Recall that the HO5 policy offers the broadest coverage
(omitted to avoid multicollinearity) and should be the most preferred, all other things
equal. If HO5 polices are preferred to other policies, then there should be negative
coefficients on the percentages of HO3 and HO8 polices in a zip code. Our results are
partially consistent with this hypothesis as the percentage of HO3 policies in a zip code
is negatively related to the demand for coverage. This is true across the various types
of coverage: catastrophe, noncatastrophe, and combined. However, our estimations
yield a positive coefficient for the percentage of HO8 policies in the total demand
equation. One explanation for this result is that HO8 policies tend to be written in
older urban neighborhoods where the risk of noncatastrophe perils such as fire and
theft can be very high.

In Florida, insureds can elect to exclude windstorms from their policy (presuming
they are not prevented from doing so their mortgage agreement). We would expect
wind exclusions would negatively affect demand. However, our results yield a pos-
itive coefficient for this variable. This is true for both the catastrophe coverage and
noncatastrophe coverage equations and may be due to the fact that the zip codes with
a high percentage of excluded polices are in higher risk zip codes where the Florida
wind pool provides low cost coverage against windstorms. This availability of low
cost protection against hurricanes may have increased demand for insurance overall.

If consumers value policy options such as replacement cost coverage on contents,
then the addition of these options should be associated with higher levels of demand
if the benefits of the options outweigh their incremental cost. For replacement cost
coverage, we see this is true only for noncatastrophe coverage. The coefficient on
replacement cost coverage is not significant for overall demand or for catastrophe
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coverage. This implies consumers do not value it in excess of its cost. This suggests
that being able to replace property damaged from fire or loss through theft may be of
significant concern to homeowners, whereas repairing structural damage may be the
principal concern with respect to the wind peril.12

Ordinance or law coverage increases demand for both noncatastrophe coverage and
overall coverage. This is not surprising, as Florida has significantly strengthened
its building codes since Hurricane Andrew, increasing the value of this additional
coverage for homeowners. However, we see that ordinance or law coverage is not
valued for the catastrophe coverage.

The coverage A limit (on the dwelling and attached structures) is our proxy for the
replacement cost of the home and is treated as an endogenous variable.13 One would
expect that demand would increase as the replacement cost of the home increases, all
other things held constant. Our results are generally consistent with this expectation.
As the value of the home increases, the quantity of insurance demanded increases.
An interesting exception is for catastrophe coverage. In this case, we see that demand
does not rise with housing values, perhaps because the incremental cost of additional
coverage exceeds its perceived utility.

The fire and wind deductibles are also endogenously determined. Higher deductibles
may increase or decrease the demand for insurance. First, as the deductible increases,
the premium should fall reflecting the lower loss costs covered by the policy. Whether
the price falls depends on the ratio of premium reductions to loss cost reductions
(see Equation (3)). In any case, the homeowner may use the premium savings to
purchase additional coverages, such as higher policy limits. Indeed, insurance experts
commonly advise trading higher deductibles for higher limits. In addition, as the
deductible increases, the value of the coverage decreases and the consumer bears
more risk. Demand for the resulting lower-valued coverage could also decrease. Thus,
the sign of the deductible’s coefficient gives us some indication which effect is more
important: the premium-reduction effect or the coverage effect.

For overall demand, we see that the coefficient for the wind deductible is negative but
just barely significant at the 10 percent level. This implies that the coverage effect dom-
inates. Increases in deductibles reduce the demand for insurance, all other things held
constant. However, if we look at the coefficient in column 5, we see that it is positive
and quite significant, implying consumers value a higher wind deductible for catas-
trophe coverage because the premium-reduction effect dominates. Higher deductibles
imply lower premiums, and this encourages consumers to purchase more insurance.
Thus, as consumers facing greater catastrophe risk may be more concerned about

12 Indeed, in areas with a high catastrophe risk (and high catastrophe loadings in the cost of
insurance), insureds may forgo replacement cost coverage on personal property in order to
afford and purchase more adequate structural coverage for catastrophe losses.

13 Insurers typically require a homeowner to carry coverage A limit equal to at least 70–
80 percent of the replacement cost of the home. Limits on the other property coverages are
stated as percentages of the coverage A limit. Further, the problem of inadequate coverage
limits has received increasing attention and has probably prompted insureds and insurers to
maintain coverage limits closer to the replacement cost of homes. The first stage regression
has instruments like those for the ln(price1) first stage regression.
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having adequate coverage to cover large losses than absorbing a larger deductible
in the event of a hurricane.14 For the noncatastrophe coverage equation, the wind
deductible is negative indicating that the coverage effect dominates. This is also plau-
sible, as noncatastrophe perils tend to involve more frequent and smaller losses not
related to wind.

For the fire deductible, we see a different phenomenon. The coefficient on the fire
deductible in the total demand equation is positive, implying that the increase in the
deductible lowers premium sufficiently to increase demand. For catastrophe cover-
age, the relationship is also positive and significant. Catastrophes (hurricanes) are
not fire related, and thus the higher fire deductible’s effect on premium leaves more
funds available to purchase other coverage. However, in column 9, we see that, for
noncatastrophe coverage, the coefficient on the fire deductible is negative, suggest-
ing that coverage effect dominates the premium-reduction effect in the demand for
noncatastrophe coverage.

We treat the decision to employ a windstorm protection device such as storm shutters
as endogenous. There is no a priori hypothesis regarding the effect of this variable
on the overall demand for insurance but the presence of such devices could lead to
increases in demand for noncatastrophe insurance. If the presence of protection de-
vices increases demand for insurance, then the protection devices are complements
to traditional insurance. In contrast, if there is a negative relationship between the
presence of the protection devices and insurance demand, then one might reasonably
conclude that the devices were a substitute for traditional insurance. Our coefficient
results are positive for overall and non-CAT coverage, implying that the windstorm
device credit is associated with higher insurance demand, all other things held con-
stant. However, we see that negative effect for the CAT demand suggesting that the
device is a potential substitute for insurance.15

Neighborhood Characteristics and Regulation
In this section we discuss a subset of the neighborhood characteristics and their effect
on demand.16 In fact, we focus on two important variables. The first neighborhood
characteristic is the ratio of implemented loss costs to ILCs. The implemented loss costs
are those costs that the regulator allows to be used in making full rate calculations for
homeowners’ policies in a given rating territory. This ratio may be viewed as a regu-
latory indicator as regulators tend to vary the severity of price constraints by rating
territory. Because regulators seek to keep insurance “affordable,” their constraints are
more severe or binding in higher-cost areas. We think of this ratio as a measurement of
rate suppression. As the implemented loss costs are reduced by regulation (relative to
the expected or indicated loss costs), the consumer obtains a lower price for coverage.
As the ratio increases, the price reduction diminishes. Thus one would expect that a
higher ratio would reduce the demand for coverage. As regulatory price suppression

14 We should note it is likely that insurers have made the pricing of large deductibles very
attractive to consumers as this viewed as one of several effective strategies to manage an
insurer’s catastrophe exposure.

15 Once again, the first stage regression contains those instruments employed in the regression
for ln(price1) and the deductibles.

16 For a more thorough treatment of these neighborhood control variables and their effect on
demand for homeowners insurance in Florida and New York, see Grace et al. (2003).
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is reduced, price rises, and as price rises, the quantity demanded falls. In fact, we find
this to be the case for all the three demand functions.

Next, we examine income. The expected sign on, and the magnitude of, the coefficient
for income is ambiguous because of two competing hypotheses. First, insurance may
be thought of as an inferior good. If the coefficient on income is negative, it implies
that increases in income reduce the demand for insurance. Arrow (1964) conjectured
that individuals have declining absolute risk aversion. This implies that, as income
increases, the demand for insurance should diminish. Mossin (1968), in turn, proved
that if a person faced a price of insurance greater than the actuarially fair value,
but below the price at which no insurance would be purchased, and the consumer
exhibited decreasing absolute risk aversion, then the amount of insurance coverage
fell as wealth increased. Mossin did not consider the case where higher incomes might
generate more assets at risk and thus the higher income person would have greater
losses to insure against. This yields the alternative hypothesis that income could have
a positive coefficient in the insurance demand equation.

Further, Briys, Dionne, and Eeckhoudt (1989) have pointed out that the income de-
mand elasticity for insurance will be positive if and only if absolute risk aversion
does not decrease significantly rapidly enough or, if and only if the variation of risk
aversion is lower than a minimal bound. Cleeton and Zellner (1993) undertake a sim-
ilar analysis and operationalize Briys et al.’s conclusion slightly differently. They find
that the income elasticity of demand for insurance will be positive over all prices if
ϕa + η > 1, where ϕa is the elasticity of relative risk aversion to initial income and
η is the elasticity of the amount at risk with respect to initial income. This implies
that if potential losses change as wealth changes (which makes sense in this analysis
as wealthier people may buy more expensive houses, exposing themselves to higher
potential losses), we may see a positive relationship between income and insurance
purchased.

Our estimated coefficients on income are positive, but relatively inelastic. This implies
one of two things. First, while we control for housing value, we may not be capturing
all of the relationships between higher income and higher demand for housing. Alter-
natively, the positive relationship can be due to the decreasing effect on the demand
for insurance due to decreasing absolute risk aversion.17

If we look at Table 4, we see that most insurance demand studies obtain relatively
low demand estimates. Our results are consistent with most of the reported income
elasticities.

Firm Characteristics
In Florida, consumers tend to buy coverage from agency writers and mutual com-
panies. For all the three demand equations, there is a negative relationship between

17 We estimated a regression between the log of the median home value and the log of income
holding other things constant such as the characteristics of the house, insurance prices, and
neighborhood characteristics constant. The elasticity of median house value with respect to
income, our measure of η, was estimated to be 1.04. Thus, as long as ϕa was greater than
(approximately) −.04 we would expect to see a positive elasticity between income and the
amount of insurance purchased.
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the demand for insurance and being a direct a writer, although it is not significant
in the case of catastrophe insurance. Similarly, for all the three demand equations,
there is a negative relationship between demand for insurance and being a stock com-
pany, although it is only significant in the equation for overall demand. We included
auto premiums written by the insured’s homeowners’ carrier to account for potential
consumer transactions cost savings from discounts for buying multiple policies from
the same provider. We find that the coefficient on auto premiums is positive, which
implies that consumers’ value being able to purchase homeowners insurance and
auto insurance from the same carrier. Further, we see a significantly positive relation-
ship for life premiums written by a sister company and the demand for catastrophe
insurance and the demand for noncatastrophe insurance. Again, we conjecture that
consumers like the ability to deal with one insurance company. There is also a positive
relationship between life premiums and overall demand for homeowners insurance,
but it is not significant.

The size of the company is also a proxy for its soundness, reputation, and/or its
ability to achieve economies of scale. Our conjecture here is that larger companies are
perceived to be financially stronger and are able to take advantage of economies of
scale. For our sample companies, company size has a positive effect on all the three
demands.

Another indication of firm solvency quality is its A. M. Best Rating of its claims
paying ability. In this model, the A+ and higher category is the omitted category. If a
high rating is valuable, then each of the other rating coefficients should be negative.
If consumers favor lower prices over greater financial strength, then we might see
negative coefficients on all of the higher ratings and a positive coefficient on the lower
ratings.

In fact, we see in Table 5 that the coefficients for companies with ratings lower than
the omitted category are generally positive and significant, paradoxically suggesting
that consumers prefer to purchase insurance from companies that are less financially
secure.18 One interpretation of this perverse result is that insurers’ Best ratings are
correlated with other factors omitted from this analysis. We also note that, while
guaranty fund coverage is not widely publicized, consumers may know that they
will receive some protection in case of an insurer’s insolvency, which would lessen
the value they place on financial strength. The moral hazard effects of guaranty fund
coverage have received considerable attention in the insurance economics literature
(see, e.g., Cummins, 1988) and we explore this further in the last part of our analysis.

NEW YORK RESULTS

We also estimated demand equations for New York to see how different market and
regulatory conditions affect our findings. Coastal areas of New York, such as Long

18 The company with a NR2 rating appears to be an anomaly. Category NR2 is a not rated
category. One firm is in the date set with an NR2 rating. The reason the firm was not rated
is because company started operation right after Hurricane Andrew, thus A. M. Best did not
have the ability to properly rate the company. This firm is a wholly owned subsidiary of an
A++ rated company. Thus, the company is not exactly a high-risk firm. Currently, it holds
an A rating from A. M. Best. In light of these facts, if we look at the catastrophe demand, we
see that consumers value a strong company, but not necessarily the strongest company.
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Island, face a moderate degree of catastrophe risk. Regulatory constraints on insurers’
rates appear to have been less severe in New York as cost pressures have been more
moderate. We would not expect the risk of noncatastrophe perils in urban areas to be
eclipsed by catastrophe risk as in Florida. We employ similar demand models in our
analysis of the New York market, with some adjustments to reflect coverage options
specific to New York.

Insured Risk Characteristics
For New York, in Table 6, we see some differences compared to the results that we
obtained for Florida after controlling for selection bias and whether the zip code is an
area with above median CAT and noncatastrophic losses. Relative to SFR structures,
owners of brick homes have a lower demand for insurance, but the effect is only
significant for catastrophe insurance. We also see that, while owners of wood frame
homes have a significantly higher demand for catastrophe coverage, they have a
significantly lower demand for noncatastrophe insurance. The reason for the negative
effect of brick and frame homes (relative to SFR homes) is not immediately obvious—
it is possible that owners of SFR homes are more risk averse and purchase more
insurance as well as make other investments to lower risk. Further, as in Florida, as
the quality of public protection services declines (i.e., as public protection grades rise
from best to worst), the demand for overall coverage and noncatastrophe coverage
increases.

We also undertake to examine the ILCs above and below the median. Thus, we have
HH (above median for both CAT and non-CAT standard costs), HL and LH (above
median for one, but not the other), and LL (below median for both CAT and non-CAT
standard loss costs). In New York, the HH area is Long Island, while the LL area is
most of the remainder of New York State and again serves as the omitted category.
As is the case with our results for Florida, being in an HH location has a significantly
positive effect in all the three demand equations. Our results for LH and HL locations
are somewhat ambiguous.

Contract Terms
If we examine the policy choices in New York in Table 6, we see that HO2 and HO3
policies have negative coefficients for overall and noncatastrophe demand, implying
that they are not valued as highly as HO5 polices, which is the omitted category. In
turn, HO2 and HO3 policies have positive coefficients in the demand for catastrophe
coverage. These findings likely reflect the fact that HO2 and HO3 policies provide
less protection against noncatastrophe losses than HO5 policies but similar protec-
tion against catastrophe losses. Further, we see that HO1 policies are preferred to
HO5 policies for overall coverage and catastrophe coverage but not noncatastrophe
coverage, perhaps because of the limited protection that HO1 policies provide against
noncatastrophe perils.

Replacement cost coverage on personal property has a negative sign for total demand.
This suggests that the average consumer does not value this option. If we look at CAT
demand, we see that replacement cost coverage is positive and is valued by the average
consumer. However, for non-CAT cover, it is again negative.
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Ordinance or law coverage has positive signs for all coverages, suggesting that the
average consumer does value this additional policy option, all else being equal. We
should note that the problem of substandard construction and the need to strengthen
building codes have not been issues in New York, unlike the case in Florida. Thus,
including ordinance or law coverage probably does not add as much to the overall
cost of coverage as it does in Florida.

As in Florida, we see that the coverage A limit is positively related to overall demand
and demand for noncatastrophe insurance in New York. However, unlike Florida, we
see that coverage A limit is also positively related to demand for catastrophe insurance
in New York. Thus, the higher value of the home as measured by the coverage A limit,
the more insurance is demanded by New York consumers.

As is the case for Florida, the coefficients on the wind deductible are positive for
catastrophe insurance but negative for noncatastrophe insurance (albeit insignificant
in New York). Unlike Florida, the coefficient for the wind deductible in the equation
for overall demand is positive in New York.

Also as the case in Florida, the coefficients for fire deductibles for New York are
generally positive. In New York, however, the coefficient for the fire deductible is
negative in the equation for catastrophe insurance, whereas in Florida, it is negative
in the equation for noncatastrophe demand.

Nonetheless, it is generally the case in New York that, as wind and fire deductibles
rise, consumers purchase more insurance. Increases in wind deductibles that are as-
sociated with increases in demand for catastrophe insurance suggests consumers use
their savings from higher wind deductibles to purchase additional protection against
catastrophes, while the positive relationship between fire deductibles and demand
for noncatastrophe insurance suggests that consumers use the savings from higher
fire deductibles to buy additional protection against noncatastrophe losses.

Finally, New York also allows homeowners policies to exclude off-premises theft cov-
erage. This exclusion should reduce the price of insurance. One would expect a pos-
itive effect on demand for this exclusion if consumers preferred the exclusion given
the resulting premium discount (or alternatively did not value the coverage enough
to pay the higher cost). What we see is that the coefficient on the exclusion variable
has a positive sign except in the equation for noncatastrophe demand, implying that
consumers opting for the exclusion purchase more insurance, all other things equal.
This makes sense as it suggests that consumers who exclude off-premises losses can
use the premium savings to expand other coverages

Neighborhood Characteristics and Regulation
Again, we focus on two neighborhood variables: the ratio of implemented loss costs
and median income. Looking at the regulatory subsidy variable—the ratio of the im-
plemented loss costs to the ILCs (our measure of price suppression)—we generally
obtain the same results we obtained in Florida. That is, as the ratio increased, prices
were allowed to rise closer to their market level and the demand for insurance de-
creased. Recall that rate suppression and compression in Florida was much more
severe than in New York.
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Finally, we see that in New York, insurance is generally an inferior good. As income
increases, the demand for total coverage and noncatastrophe coverage decreases. In
contrast, increases in income are associated with increases the demand for catastrophe
coverage.

Firm Characteristics
In New York, the type of distribution system used by an insurer does not appear
to affect the overall demand for insurance. However, there is a significant negative
relationship between the direct writers and the demand for catastrophe coverage.
Thus, it appears that the use of independent agents is associated with higher sales of
catastrophe insurance, all other things held constant.

Insurer ownership appears to have a significant effect on demand for insurance in
New York. All else being equal, consumers seem to prefer to purchase insurance in
general and catastrophe insurance in particular from stockholder-owned insurers,
although our regression results indicate that consumers have a preference for pur-
chasing noncatastrophe coverage from mutuals.

Further, the ability to purchase home and other insurance coverages from the same
company appears to positively influence demand in a manner largely consistent with
what we found in Florida.

Also largely consistent with our findings for Florida, firm size does seem to be posi-
tively related to the demand for insurance in New York, although the effect is insignif-
icant in the equation for noncatastrophe demand.

In New York, there are only three categories of A. M. Best company ratings in the data
set (A+ and higher, A, and A−). The category of A+ and higher is omitted to avoid
multicollinearity. For the overall demand equation, there are significant differences
among the rating categories and, as was the case with our results for Florida, con-
sumers prefer lower rated companies to the A+ or higher rated category. When we
look at the equation for catastrophe demand, we see that A+ or higher is significantly
valued over the A companies, but is no different than the A−. One would expect
that, if solvency of the company were of paramount concern to the consumer, then
we would see both significantly negative coefficients for A and A− companies. This
is, in fact, the pattern we see in the noncatastrophic demand equation.

Guaranty Funds
Finally, we examine the effects of guaranty fund coverage on the demand for insur-
ance. All states have insurance guaranty funds that pay insolvent insurers’ claims,
but the limits of this coverage vary. In Florida, the limit for fund coverage is $300,000
per claim and, in New York, this limit is $1,000,000.19 Thus, unpaid losses above those
amounts are not covered by the funds, and claimants must attempt to recover these
amounts as general creditors against an insurer’s estate.20 This suggests consumers

19 See http://www.ncigf.org/Publications/Claim%20Parameters.xls for a summary of state
fund policy limits for 2001.

20 Coverages in addition to coverage A triggered by a given claim would be combined with
coverage A losses in the application of the guaranty fund claim coverage limit. For example,
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TABLE 7
Regression Coefficient Estimates for Various A. M. Best Ratings on the Demand for
Insurance (Total, CAT, and Non-CAT) for Policies With Coverage A Limits Above and
Below Florida’s Guarantee Fund Policy Limit ($300K)

Rating Coefficient∗ Std. Error t-Stat Prob

Panel A. Effect of Ratings on Households Below Guarantee Fund Policy Limit
Total demand A −0.2175 0.0252 −8.6300 0.000

A− −0.3947 0.0344 −11.4800 0.000
B+ 0.0723 0.0366 1.9800 0.048
NR2∗∗ 0.4643 0.0517 8.9800 0.000

CAT coverage A 0.456 0.040 11.440 0.000
A− −0.135 0.054 −2.480 0.013
B+ −0.152 0.058 −2.630 0.009
NR2 0.379 0.082 4.640 0.000

Non-CAT coverage A −0.222 0.019 −11.620 0.000
A− −0.143 0.026 −5.490 0.000
B+ 0.199 0.028 7.160 0.000
NR2 0.299 0.039 7.610 0.000

Panel B. Effect of Ratings on Households Above Guarantee Fund Policy Limit
Total demand A −0.1247 0.0495 −2.5200 0.012

A− −0.4268 0.0686 −6.2200 0.000
B+ −0.5281 0.2543 −2.0800 0.038
NR2 0.1192 0.1472 0.8100 0.418

CAT coverage A −0.12107 0.086471 −1.4 0.162
A− −0.6943 0.119737 −5.8 0.000
B+ −1.06289 0.443832 −2.39 0.017
NR2 0.405322 0.256869 1.58 0.114

Non-CAT coverage A −0.12228 0.026882 −4.55 0.000
A− −0.18532 0.037223 −4.98 0.000
B+ −0.17548 0.137977 −1.27 0.204
NR2 −0.12237 0.079855 −1.53 0.126

∗Regression coefficients estimates obtained using models like those in Table 4.
∗∗NR2 represents one large company in Florida that is a subsidiary of a well-known national
company with a current A++ rating. The company was rated NR2 due to its lack of experience.
It is currently ranked A by A. M. Best.
Note that the coefficients are relative to rating of A+ and above.

with coverage A limits on their dwellings above these fund limits should pay more
attention to their insurers’ solvency prospects. We are able to test this hypothesis on
the Florida data, as there are ample observations of homes with coverage A limits
above $300,000. For New York, our data set had too few observations with coverage
A limits over $1,000,000 to test this hypothesis.

if a fire totally destroyed an insured’s home with a coverage A limit of $250,000 and personal
property valued at $125,000, the Florida guaranty fund would only cover $300,000, leaving
$75,000 in losses not covered by the guaranty fund.
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Table 7 shows our results, focusing on an insurer’s A. M. Best Rating as the measure
of its financial strength. These estimates are derived from models like those shown
in Table 5, but estimated separately for homes where the coverage A limit was above
or below the Florida fund limit of $300,000 per claim.21 Panel A shows the results for
homes below the $300,000 policy limit for total demand, catastrophe coverage, and
noncatastrophe coverage. Once again, the rating level of A+ and above was omitted.
Panel A’s results for overall demand differ from the results shown in Table 5, as that
panel A indicates that consumers prefer A+ companies to A and A− companies.
The same is true for noncatastrophe coverage and is consistent with our findings
as shown on Table 5. For catastrophe coverage, panel A suggests that consumers
prefer A-rated companies to both A+ companies and those rated lower. This suggests
that consumers who are fully protected by the funds may be willing to pay more for
catastrophe insurance from insurers with good ratings but not the additional premium
for insurance from insurers with superior ratings. As explained above, the insurer with
the NR2 rating is an anomaly as it is a subsidiary of high-rated insurer.

If a consumer is not fully covered in the event of his insurer’s insolvency, then we
would expect that he would place a greater value on the insurer’s strength. Thus,
all coefficients should be negative. This is generally what is observed in panel B. For
the total demand equation, all coefficients are significantly negative (except for the
anomalous NR2 company and that is not significantly different from zero).

For the overall demand equation, panel B also shows a logical ordering of the coef-
ficients for the various rating categories reflecting lexicographic preferences (A+ >

A > A− > B+). For the catastrophe demand and noncatastrophe demand equations,
we see that consumers generally prefer A+-rated companies to other companies, but
there are some cases where the coefficients are either insignificant or violate the logi-
cal ordering discussed above. Overall, we find evidence that consumers pay greater
attention to insurer’s financial health when exposed to insolvency risk, as well as ev-
idence of the (not so subtle) moral hazard created by guaranty funds for consumers
without this exposure.

This result is similar to that found by Phillips, Cummins, and Allen (1998). While we
focus on consumer reaction to perceived solvency risk (as measured by the rating),
Cummins, Phillips, and Allen focused on how insurers’ pricing decisions are influ-
enced by the presence of guaranty funds. Firms with higher default risks had lower
prices especially in lines of business (long tail commercial) and are more likely not
to be covered by the guaranty fund or that are more likely to have claims above any
guaranty fund claim limit.

SUMMARY AND CONCLUSIONS

Our analysis illuminates factors affecting insurance transactions in residential markets
subject to different levels of catastrophe risk and regulatory pressure. We estimated the
demand for insurance coverage in Florida and New York. We find that the demand

21 We were not able to estimate a fixed effect model here due to the fact that there were some
2000 observations above the $300,000 level. Given the fact that the A. M. Best ratings do not
change much over this period for individual firms, the ratings and the firm effects are highly
collinear. If we had a longer panel and we saw ratings change over the time period, we would
be able to separate the ratings effect from the firm effect.



378 THE JOURNAL OF RISK AND INSURANCE

for catastrophe coverage is more price elastic than the demand for noncatastrophe
coverage. This is true in both Florida and New York. However, the estimated price
elasticities for Florida were generally higher in absolute value than the estimated
price elasticities for New York, suggesting that price elasticity increases with the cost
or price of insurance.

We also found that income elasticities differed between the two states. In Florida, the
income elasticity of demand was inelastic, but positive. In New York, we found that
the income elasticity was negative for total coverage and for noncatastrophe coverage,
implying that these are inferior goods. For catastrophe coverage, the income elasticity
in New York was positive and approximately 0.25, which is close to the Florida result
of 0.32.

We also found that regulatory rate suppression/compression generally increased the
demand for insurance in both states but, for New York, the effect was only signifi-
cant in the equation for catastrophe insurance. Further, the effect of regulatory price
constraints was greater in Florida, where a given percentage rate inadequacy (e.g.,
10 percent) results in a higher absolute subsidy to the insured. Needless to say, such
subsidies in insurance markets come at a high price in terms of their negative effect
on incentives for efficient mitigation and location choices.

Some options that expand coverage tended to increase demand, but others tended to
lower demand, suggesting that consumers are willing and able to gauge incremental
costs against incremental benefits and make the decisions perceived to be in their best
interests. Interestingly, higher deductibles were often associated with higher demand.
Our explanation is that consumers tend to follow experts’ advice to increase their
deductibles and use the premium savings to purchase additional coverage that offers
a better value in terms of protection against risk.

Finally, we found some evidence that a consumer’s exposure to an insurer’s insol-
vency risk (as measured by the amount of a potential total loss that would not be
covered by the guaranty fund) affects his valuation of financial strength. Using A.
M. Best Ratings as a measure of a firm’s solvency prospects, we found evidence that
consumers with contractual limits below the state guaranty fund policy limit some-
times prefer to purchase coverage from lower rated insurers. In contrast, consumers
with contractual limits above the guaranty fund coverage limit appear to consistently
prefer buying coverage from higher rated insurers. These results are potentially im-
portant for consumer welfare. If state policies with respect to guaranty funds were
such that financial strength and other quality indicators were not rewarded in the
market place, then the overall quality of the insurance industry providing cover-
age in a state would suffer and high-risk firms would displace high-quality firms.
The consequences for sustainability of the state insurance industry would clearly be
deleterious.
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