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Abstract

Growing climate risk is straining P&C insurers’ financial stability. State-level guaranty
funds are designed to protect consumers facing insolvent insurers, yet their structure
and effectiveness remain understudied. Unlike the pre-funded and centralized FDIC,
these guaranty funds are state-run and rely on ex-post, risk-insensitive assessments of
surviving insurers. While guaranty funds are intended to increase trust in the insurance
system, in practice payouts can take years to reach homeowners, leaving them with
unrepaired homes as they wait for claims to be paid. Crucially, we find that their
structure significantly distorts insurance supply: solvent insurers exit states following
insolvencies to avoid these “tax” assessments and to escape inheriting concentrated
exposures in affected counties. Furthermore, the post-funding mechanism degrades
supply quality: fragile insurers, ignoring their own insolvency costs, underprice better-
capitalized rivals for fully covered policies. Other explanations of exit, such as general
industry-wide declines or climate risk management do not explain these exit and pricing
patterns, though they can amplify the effects of the guaranty fund. These findings
highlight how the current guaranty fund design induces moral hazard and amplifies
pro-cyclical supply disruptions.
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U.S. insurance companies are facing escalating threats to their financial stability as

climate-related property losses reach unprecedented levels. Insolvencies are becoming in-

creasingly common. Hurricane Ian alone led six insurers to file for liquidation proceedings.

One of the largest insurers in California, State Farm, has also warned that about its im-

minent failure.1 Meanwhile, for businesses, households and their lenders, insurance is the

first line of defense against these losses. As a result, when insurers fail in times of disasters,

households are more likely to default on their mortgages, taxpayer losses increase due to

defaults on government-backed mortgages, and lenders restrict credit supply in important

market segments (Sastry et al., 2025).

State guaranty funds are a central mechanism to protect homeowners and mortgage

lenders from these insolvencies. Guaranty funds are state-run bailout schemes that partly

cover the unpaid claim liabilities of insolvent insurers. Yet despite their growing importance,

relatively little is known about how effective these backstops are or what incentives they

create within insurance markets. These funds are somewhat similar to the federally provided

deposit insurance (FDIC), which are also designed to protect consumers in case of bank

failures, but they differ in several crucial ways. However, while the design and impacts of

the FDIC has been extensively studied, very little is known about insurance guaranty funds.

First, are these funds effective at protecting consumers in a timely manner? Second, what

incentives do they create for households on the demand side to monitor for the solvency

of their insurer? And third, what incentives do they create for the solvent insurers on the

supply side, who must ultimately pay for the failures?

We will show empirically that the structural features of guaranty funds play an important

role in changing the economics relative to the more well-studied deposit insurance setting.

First, guaranty funds are financed very differently than deposit insurance. The FDIC is pre-

1See Reuters article “Florida homeowners battle for insurance after Ian’s devastation” from June 14, 2023.
Similarly State Farm California writes: “We remain deeply concerned about the financial position of State
Farm General, as it is difficult to match price to risk in California. To ensure the long-term sustainability
of State Farm General, we are being diligent in our efforts to turn around the financial stability of the
company.”
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funded through regular, risk-based contributions from banks, allowing payouts to occur fairly

quickly and smoothly after a bank fails. In contrast, nearly all state guaranty funds are post-

funded: the guaranty fund primarily raises money by assessing other solvent insurers that

operate in the same state and business line of the insolvent insurer, where assessment levies

are a function of the insurer’s state-level market share prior to the insolvency2. This means

that guaranty funds levy risk-insensitive assessments on surviving insurers only after an

insolvency occurs, which can delay payouts for years. This can be particularly problematic

if the insurer’s insolvency was triggered by a natural disaster, leaving policyholders with

unpaid claims and damaged homes for years. The second difference is that each state has its

own guaranty fund, whereas the FDIC is centralized. The de-centralized nature of guaranty

funds creates opportunities for solvent insurers to strategically avoid assessments by changing

where they operate and their market shares in different states. Third, another important

difference is that deposit insurance is intended to solve the problems of runs: in contrast,

the guaranty fund is intended to serve as a consumer protection policy which protects them

from insolvency, leading to more trust in the overall insurance system, which is a critical

component for the operation of insurance which requires that households pay premiums up

front. There could also be an ancillary benefit in leading to lower prices for financially

constrained households.

In this paper, we focus on the incentives created by guaranty funds in the homeowners

insurance market. We find that the structure of guaranty funds has significant effects on

the supply of insurance, unintentionally incentivizing the exit of solvent insurers from states

experiencing insolvency. We show, in a difference-in-differences setting, that solvent insurers

are more likely to exit states experiencing insolvency relative to other states that they operate

in. This exit occurs even in the subset of states that were exposed to the insolvent insurer but

2Guaranty funds have two primary sources of funding: asset sales and assessments on insurers. The state
first tries to pay claims using the assets of the insolvent insurer. However, these asset sales are typically
insufficient, leading to assessments. The state can also temporarily issue bonds, but these bonds are often
backed by future insurer assessments. In addition, sometimes the guaranty funds may have leftover revenues
from previous asset sales, which can also be used.
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were not directly hit by the natural disaster that prompted the insolvency. The mechanism

of fund structure’s effects on insurance supply is two fold. First, it acts as a tax on insurers,

distorting both supply once insurers can anticipate a pending insolvency and also after the

official liquidation occurs. Consistent with these results, we find that reductions in supply

are not present in the single pre-funded guaranty fund state, or in states in which offsetting

the fees is easier. Second, insurers may seek out to diversify their exposures: they exit

counties affected by insolvencies to avoid the concentrated exposure they would otherwise

“inherit” as the de facto providers for these now-uninsured households.

Furthermore, we find evidence suggesting that the post-funding degrades supply quality.

Fragile insurers underprice better-capitalized rivals, but only for policies fully covered by the

guaranty fund, i.e. policies that provide low monitoring incentives for consumers. Prices for

policies exceeding coverage limits show smaller difference, suggesting the presence of moral

hazard: risk-insensitive ex-post assessments allow fragile firms to ignore insolvency costs

and undercut competitors. These results show that while the policy is intended to protect

consumers, and it does lead to lower equilibrium prices in some contexts, the net effect of

guaranty funds is that it generates significant moral hazard and incentivizes exit, eroding

the overall quality of insurance provision.

Our empirical analysis first focuses on the effects of insolvencies on the insurance sup-

ply. We consider three periods around each event: (i) pre-period: 3 to 10 years before an

insolvency, when that event is harder to anticipate; (ii) first post-period: the period up to

3 years before an insolvency. This is the period when news about the impending insolvency

is likely to be available and insurers can start to change their product market behavior, i.e.

shrink their market share to minimize their overall assessment dues. (iii) Second post-period:

the period after the formal liquidation has taken effect. At this time, the solvent insurers

cannot change the total assessments owes, but can exit the state or spread their dues over

a longer time period by limiting the overall premium they sell. Using an event study, we

show that after an insolvency, solvent insurers in affected states sell 3% less premium in the
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first post-period, compared to the pre-period. We do not observe similar patterns for the

affected insurers in states with no insolvencies . Moreover, this result comes from the states

with post-funded guaranty systems, suggesting a connection between the funding structure

and supply rationing. Specifically, we split the insolvencies by whether the insolvent insurer

sold in New York State (NY), which has the only pre-funded guaranty system. We find that

insolvencies in post-funded states are associated with 9% drop in the first and 6% drop in

the second post-period relative to the pre-period. In contrast, for insolvencies affecting New

York, we see no change in affected insurers’ premium sold.

There may be multiple concerns about our interpretation of these results as reflecting

a causal effect of the guaranty fund. One concern is that the decrease in premium can be

due to affected insurers limiting their overall sales across all geographies, and not due to the

insolvencies assessment fees. To address this concern, we test if the same insurer changes

behavior in similar way in states not affected by the insolvency. To do that, we use a stacked

difference event study design. In this setup, we find that affected insurers drop premiums

by 19% in the first, and 33% in the second post-period in states where the insolvent insurer

operated in compared to ones where he did not. As before, the result is stronger if we

focus on insolvencies that affect only post-funded states. In contrast, the results halve in

magnitude if the insolvent insurer sold in the pre-funded NY, and disappear if NY was the

only state the insolvent insurer sold in.

Another concern is that the decrease in premium comes from the solvent insurers updating

their beliefs about a state’s fundamental underwriting or disaster risk, and thus they scale

down operations to manage their risk. To test this hypothesis, we perform three tests. First,

we categorize each insolvency as either climate-driven or idiosyncratic. The latter help us

isolate the pure “post-funding” effect, while the former also include any learning effect. We

find idiosyncratic insolvencies are followed by a 6% supply drop in the first post-period,

confirming strategic exit is driven by the post-funding system alone. The effects are larger

for climate insolvencies: there is a 15% drop in the first and 13% drop in the second post-
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period. The effects are robust to repeating the stacked DiD test separately for each type

of insolvency: we find that the while climate insolvencies result in larger supply drops, the

effect is still present and economically and statistically significant. This finding implies that

the current system is especially vulnerable to an environment with growing climate risk.

In our second test, we focus on supply changes after climate insolvencies in states with

unaffected by the disaster, but affected by the insolvency relatively to states with neither

disaster nor insolvency. For example, if an insurer fails due to California wildfires, we will

compare the supply response of other solvent insurers in Kansas (where the failed firm also

operated) versus states they operate in with no insolvency. Since Kansas risk is unchanged,

any exit is a pure response to the new assessment liability. We find that supply in these

“assessment-only” states drops by 12% in the first and by 26% in the second post-period

relative to unaffected control states. Our third test looks at aggregate cancellation rates at

the zip code-year level. For ZIP codes across state borders where one side is affected by

insolvency and the other is not, any shifts in total insurer non-renewals will not be driven

by climate risk. Consistent with this argument, we find more cancellations in the side of the

border that was affected by insolvency.

In terms of mechanism behind how the guaranty fund induces supply rationing, we iden-

tify two mechanisms – (1) guaranty fund assessments act as a tax which increase financial

constraints and (2) guaranty fund exposures incentivize diversification. For the former, since

insurers have limited access to capital, they choose to sell more in states with higher profits,

and move away from states where the tax has increased. To test this mechanism, we focus on

how supply responds to insolvencies based on the ease with which insurers can recoup their

assessment fees in the affected state. Under this mechanism, the easier it is to recoup losses

in affected states, the more muted the supply response will be. There are three recoupment

paths: insurers can offset a portion of the assessments against the taxes owed to the states

(partial tax offset, or PTO), or add a surcharge to consumers’ bills, or ask the state regula-

tors for a rate increase. Given the frictions inherent in the rate regulation system (Oh et al.,
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2025), and the demand considerations associated with rate increases (Sastry et al., 2024), we

regard PTO as the most accommodating recoupment method. We find most of the supply

drop in the event study comes from insolvencies were all states are non-PTO: premiums

fall 17% in the first and 20% in the second post-period. In the stacked DiD setting, the

supply response is twice stronger in non-PTO insolvencies than for the rest, as well. One

concern here is that non-PTO states’ premium decreases may be demand-driven, given that

both non-PTO options require increase in effective insurance premiums. However, insurers

cannot increase prices before the insolvency formally takes place. Therefore, the drop in the

first post-period is unlikely to be demand-driven, since it is unlikely that households are able

to anticipate the price increases before the formal insolvency.

Consistent with a diversification motive, we next show that insurers are more likely

to exit counties with high exposure to insolvent insurers. Because of the guaranty fund,

solvent insurers can anticipate they will be the de facto insurance providers for households

in the counties where the insolvent insurer operated, creating more concentrated exposures

to these areas. An insurer that wants to maintain geographic diversification may seek to

offset this inherited exposure by proactively reducing their footprint in these areas. To test

this hypothesis, we use high granularity county-insurer-year level underwriting data from

Florida. Consistent with the diversification motive, we find that policy cancellations increase

by 3% if the county’s exposure to insolvent insurers increases by one standard deviation.

Such county-level exit patterns are consistent with solvent insurers being concerned about

developing concentrated portfolios in fragile counties through the guaranty fund.

The last piece of analysis in our paper studies the effects of guaranty funds on the quality

of supply. Using policy-insurer-level data from Florida from the McDash Insurance Module,

we find that financially fragile insurers3 charge 15 to 22% lower price (premium per dollar

of coverage), even after we control for local risk (zip fixed effects), time trends (year of

3Fragility here is defined as an indicator which equals one if the insurer is rated by Demotech. As Sastry
et al. (2025) outline in detail, all insolvencies in Florida are among Demotech rated insurers, and close to
20% of the Demotech-rated insurers in Florida end up going insolvent.
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the contract), and personal characteristics of the household (credit score). However, these

effects are weaker among policies with coverage above the maximum payout that the Florida

Insurance Guaranty Fund (FIGA) would pay. These results are consistent with moral hazard:

the more protected consumers are the less they screen out low quality insurers. The guaranty

fund’s fee structure provides no incentive for insurers are to lower their risk, and since fragile

insurers are usually single state and single line of business, they face no reputational concerns

when going insolvent. This setup allows low quality insurers to underprice high quality

insurers and enables the proliferation of low quality insurers.

Taken together, our results suggest that the current system amplifies moral hazard con-

cerns, and lowers both the level and quality of insurance supply. At the same time, other

factors (i.e. learning) further shrink the supply of insurance, which means that insurers

exit states exactly at the time when the funds and consumers need them the most. This

pro-cyclical nature of post-funded insurers, combined with increasing loss projections, ex-

plains the many frictions faced by consumers. It also questions the ability of a state-level,

post-funded system to adequately support consumers and the sector in general.

Literature Review

Our paper connects to the larger literature on the rationale and the design of the back-

stops for financial institutions, which has mostly focused on deposit insurance for the banking

sector. The rationale for deposit insurance is typically that it can help prevent liquidity-

driven bank runs (Diamond and Dybvig, 1983, Dávila and Goldstein, 2023), although there

is significant evidence that bank failures occur not just for liquidity reasons, but also fun-

damental deterioration (Calomiris and Mason, 2003, Correia et al., 2025). Despite the fact

that they can address runs and contagion, it is well-known that deposit insurance comes at

the cost of moral hazard (Merton, 1977, Anginer et al., 2014, Egan et al., 2017): it incen-

tivizes more risk-taking from financial institutions that know they have access to backstops,

especially if deposit insurance assessments are insensitive to risk (Chan et al., 1992). Deposit

insurance is shown to stabilize or expand supply, even potentially more than what is socially
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optimal because of moral hazard effects (Iyer and Puri, 2012, Iyer et al., 2016, Martin et al.,

2024). There is also a banking literature comparing the benefits of taking assessments prior

to insolvency (pre-funded), or after insolvency (post-funded). Pre-funded systems are known

to suffer from politicly-motivated regulatory forbearance (Kane, 1990), whereas ex-post sys-

tems can work if they include strong mutual monitoring and enforcement, e.g., expulsion of

fragile banks from the guarantee (Calomiris, 1990),

Our contribution relative to this literature is to focus on the insurance context, which has

a very different design and involves different economic mechanisms. First, unlike the banking

context, insurance backstops are not driven by concerns about contagion or runs; rather, they

are intended to build consumer trust that insurance companies will pay out after triggering

events, an important feature since premiums are paid up front (Gennaioli et al., 2021, Glaeser

and Shleifer, 2003). For example, in many emerging markets, insurance markets are weak

precisely because consumers do not trust that insurer contractual obligations will be met,

since insurers have incentives to abscond with premiums (Cole et al., 2013). Like in the

banking context, there is some evidence of moral hazard effects from the guaranty funds,

with insolvent insurers over-expanding in the run-up to their liquidation (Bohn and Hall,

1997). However, relative to this literature, we show a new type of moral hazard resulting

in under-priced insurance contracts offered by highly fragile insurers. In addition, although

guaranty funds are intended to expand supply of insurance, we show that the flawed design

actually leads to the opposite effect: supply contraction. That is, the insurance guaranty

fund’s structure contracts insurance supply from healthy firms, because they are incentivized

to exit to limit their exposure to assessments and address concerns about concentrated risk.

Our paper also contributes to a growing literature studying the supply-side of insurance

contracts. The literature on the supply-side of homeowners insurance has examined factors

influencing pricing and claims payments, such as state-level price regulations (Oh et al.,

2025), informational asymmetries (Boomhower et al., 2023), capital market frictions (Froot

and O’Connell, 1999, Jaffee and Russell, 1997), and issues of trust and claims validity (Gen-
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naioli et al., 2021). Beyond pricing, studies have documented insurer quantity rationing,

with evidence that insurers ration on both the intensive margin (Cookson et al., 2025) and

the extensive margin (Sastry et al., 2025), as well as the role demand plays in shrinking

insurance markets (Sastry et al., 2024)4. Our novel contribution to examine the factors be-

hind insurers’ quantity rationing: we show how the funding structure of guaranty funds has

negative externality for insurance supply, and increasing pro-cyclicality. To our knowledge,

we are the first to establish these structural effects on homeowners insurance, raising the

question the financial stability of the homeowner insurance sector.

1. Institutional Background

State guarantee funds are institutions that are administered by U.S. states and territories

for the purpose of protecting insurance policyholders against the insolvency of insurance

providers (Dunning et al., 2015). They are state-based: each state fund is limited to pro-

tecting the policy holders of that state. All insurers licensed to sell insurance in a state5

must participate in the system6.

In the United States, financial guaranty systems are funded through two main models:

pre-insolvency-funded systems, such as bank deposit insurance, and post-insolvency-funded

systems, which are common in the insurance sector. Under the former, institutions who

operate in a given jurisdiction have to pay a fee, often risk-based, which goes in a common

fund (e.g., Federal Deposit Insurance Corporation for banks), which is used to immediately

available to compensate the customers of insolvent institutions. Under a post-insolvency-

funded system, when an institution becomes insolvent, the remaining solvent institutions

4More broadly, research on other types of insurance contracts has extensively analyzed both demand-side
forces (e.g., adverse selection) and supply-side constraints (e.g., financing frictions). See, e.g., Yaari (1965),
Rothschild and Stiglitz (1976) for demand-side, and Koijen and Yogo (2015, 2016, 2022), Ellul et al. (2015,
2022), Ge (2022), Sen and Humphry (2018), Sen (2021), Sen and Sharma (2020), Barbu (2021), Tang (2023),
Tenekedjieva (2021), Oh (2020), Egan et al. (2021) for supply-side.

5Surplus lines are not subject to these fees, but they form small part of the homeowners’ insurance market.
6We note that not all insurance lines of businesses are protected by a guaranty fund in each state.

However, consumer-facing lines, such as homeowners’ insurance, auto and worker compensation lines, are
uniformly protected by a guaranty fund system.

9



are required to contribute to the fund in order to protect the policyholders of the insolvent

company. All states except New York use this post-funding approach for their P&C insurance

guaranty funds; New York relies on a pre-funded system, proportional to premiums written7.

Figure 2 illustrates the dynamic of the post-funded systems.

The post-funded insurance guaranty systems have two major sources of funding. The

first source is the insolvent insurers’ estate assets – including cash, bonds, and reinsurance

proceeds. Because the liquidation process can often span a decade or more, this stream of

capital arrives gradually, even when they are substantial in size.8 Any shortfall is funded via

assessments on the remaining solvent insurers. Immediately after a court order an insurer into

liquidation, the fund may levy a percentage of the prior year’s net direct written premium.

Note that since industry fees are subject to yearly caps, there can still be a mismatch between

when the fund’s assets and liabilities are due. To increase their liquidity, the guaranty funds

can work with states to issue tax-free bonds against the future stream of insurer assessments.

The two systems come with different trade-offs. The pre-funded systems avoid liquid-

ity issues since once an insolvency occurs there are reserves immediately available to go to

policy holders. In comparison, post-funded guaranty funds are known to be associated with

significant delays. For example, in the case of Florida, for insolvencies that occurred between

2013 and 2018, 33% to 50% of claims were not processed two years after the insolvencies9.

Another consideration is administrative costs burden. In a pre-funded systems, the con-

stant stream of fees could be onerous for institutions, leading to inefficiencies if regulators

overestimate the necessary reserve, and issues with credibility if they underestimate it10. In

7See New York Consolidated Laws, Insurance Law - ISC § 7604: “(a) (1) ...every insurer shall pay into
the fund... contributions on net direct written premiums... on policies insuring property or risks located or
resident in this state. (2) The contribution rate... shall be one-half of one per centum of net direct written
premiums.”

8In Florida, for example, the estate distributions accounted for approximately 31% of the guaranty fund’s
total cash inflows between 2018 and 2022, with the remaining two-thirds coming from insurer assessments
and the balance from investment income (Florida Insurance Guaranty Association, 2022).

9See FLOIR 2025 Insolvency Report on Fednat, 2024 Insolvency Report on Weston, and 2024 Insolvency
Report on Southern Fidelity.

10For example, FDIC maintains a direct line with the U.S. Treasury to avoid potential shortfalls.
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comparison, regulators have much better understanding how much resources are needed to

be collected from solvent insurers, after proceedings from the assets of the insolvent company

get liquidated. Additionally, if these these funds does not levy fees proportionally to risk,

the system creates moral hazard11.

On the other hand, post-funded systems, while reducing the overall fee burden, amplify

this concern, since the less risky solvent insurers are the only ones who have to pay for

insolvencies. Calomiris (1990) shows that post-funded guaranty funds can work if they

incentivizes insurers to monitor each other, but this is not applicable to the institutional

structure of the insurers’ funds or overall financial regulation. Moreover, insurers may choose

to sell less in states with insolvencies, as contributions to the guaranty system increases

effective tax rate for that state. If so, a post-funded system introduces more pro-cyclicality

in the system, leading to less insurance available precisely when insolvencies have decreased

supply. Such incentive to exit would not occur under a uniform pre-funded insolvency fund

system. We focus on moral hazard of post-funded systemas well as the pro-cyclical exit

patterns.

There are several important features of the guaranty funds. First, insolvency decisions

are determined by the insurer’s state of domicile, but guaranty protections extend to every

state in which the insolvent insurer operated. In other words, if an insolvent insurer operates

in both California and Oregon, all insurers operating in each state will receive guaranty fund

assessments. Second, the contributions are allocated based on each insurer’s market share

in the year prior to insolvency in each state. For example, if AllState accounted for 20% of

homeowners’ insurance market in Florida the year that Magnolia Insurance went insolvent,

AllState must pay for 20% of shortfall between Magnolia’s liabilities and assets. This feature

creates a potential incentive for a solvent insurer to shrink its market share in a state that

he believes may be affected by an insolvency. Third, there are safeguards in place to ensure

that no single insurer’s contributions exceeds a fixed percentage of its total premiums in a

11Note however, that for example the FDIC charges risk-based premium.
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given year. This feature can potentially create incentives for insurers to shrink their presence

in a state to minimize fees.

When insurers are required to contribute to guaranty funds after insolvencies, the fi-

nancial burden can be significant, so most states have recoupment provisions to ease the

impact. Some states allow insurers to apply some of their guaranty fund payments against

their premium tax liabilities owed to the state, thus reducing their state tax bills. Another

alternative recoup provision is to apply for higher rates through the state’s department of

insurance. Oh, Sen and Tenekedjieva, 2025 document at length the frictions associated with

the rate approval system, which makes recouping losses through rate increases an onerous

process. Likely to side-step the rate increase application frictions, eight states allow insurers

to directly add a surcharge up to certain percent on consumers’ bills. However, doing so

may result in decrease of demand by consumers Sastry et al. (2024). Thus, we consider the

PTO recoup provision the least onerous.

2. Data

Historical insolvency data

Our data on insurance insolvencies come from NAIC’s proprietary Global Receivership

Information Database (GRID). We focus on the insolvencies in insurers that sold in the

homeowners’ insurance line. We limit the sample to insolvencies that occured between 2000

and 2016, to ensure there is sufficient pre- and post- period of each analysis. We further

require that we have sufficient data to ensure there is three-year lagged balance sheet data.

As a result, we end up with 48 insolvencies in the homeowners’ line of business. In Panel

A of Table 1 we provide how these insolvencies further break down by other classifications

we rely on for our analysis, specifically, whether NY is an affected state (3), whether the

insolvency is climate driven (32) or idiosyncratic (16), and whether any of the affected states

allow partial tax offset (17).
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In Figure 1 we plot the percent of states affected by a liquidation in a given year, among

the ten riskiest states12. We see that that since the last half of the last decade, the number

of insolvency-affected states has increased, raising concerns for the robustness of the system.

Underwriting Operations and Financial Statements

We collect underwriting data of insurers from the Standard & Poor’s Market Intelligence

(S&P MI) database. Insurers report to regulators underwriting data for each line of business

and each state they operate in, including total homeowners’ premiums sold (which refers

to the total sale of homeowners’ policies) and total losses incurred (which refers to the

claims insurers pay to consumers if an insured event takes place, e.g., a wildfire). The data

are available at an annual frequency and for each state an insurer operates in. The level

of granularity is state-level. We collect data for the subset of P&C insurers that sell HO

insurance in the U.S. for the period 1996 to 2019.

To construct the main sample for the stacked DiD, for each event, we consider all insurers

operating in any of the states the insolvent insurer operated in immediatelly before it was

liquidated. We include all insurer-state-year observations for these insurers, and we classify

the calendar time into event year around the formal insolvency. The final sample has 4.8

million observations. We consider three proxies for supply: log of the premium (plus 1)

of each included insurer and state, intensive proxy where log premium is only defined for

insurers that sell in a state, and extensive margin, where the insurers exit the state. Summary

statistics are provided in Panel B of Table 1.

Federal insurance office (FIO) data collection. We use zip-year-level policy can-

cellations across all local insurers. We need the data to compare cancellations across state

borders where one side is exposed to insolvency and the other side is not. The data was

collected by the U.S. Treasury’s FIO office, who issued a call for data requiring most U.S.

insurers writing in the homeowners’ line to report ZIP code level underwriting details from

12We estimate that between 1960 and 2019, the ten states with highest climate losses per capita are, in
order, Florida, California, Texas, Louisiana, Mississippi, Washington, North Carolina, Alabama, Oklahoma
and Colorado.
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2018 to 2022. Treasury released the data aggregated to the ZIP-code-year level. Summary

statistics are provided in Panel C of Table 1, from where we see that at the selected borders,

within a given year, 3-6% of the ZIP policies get cancelled.

Insurers’ county-level underwriting data in Florida (QUASR). We use county-

level insurance underwriting data for Florida to isolate insurer-county-year level data on

policy cancellations. The data is used to test if counties with higher exposure to insurer

insolvencies see more cancellations, consistent with insurers diversifying policy exposure. All

property insurers that operate in the state were required to report underwriting information

to the Florida Office of Insurance Regulation (FLOIR) at a county-level, which we access

through FLOIR’s Quarterly and Supplemental Reporting System (QUASR) database13. The

data are publicly available for all insurers selling homeowners’ insurance in Florida from 2009

to 2018, and after that, due to a court decision, coverage significantly decreases (Sastry et al.,

2025). Summary statistics are provided in Panel D of Table 1. We see that for the sample we

use, companies in Florida cancel over the time period 14% of its Florida policies on average.

McDash Insurance Module To test for moral hazard in underwriting, we look use

McDash Insurance Module, which provides information on homeowner insurance policy se-

lection. We focus on the state of Florida, since our proxy for insurance fragility is based

on whether the insurer is or is not Demotech rated, which Sastry et al. (2025) shows is a

strong predictor for poor financial performance in the state of Florida. The dataset covers

mortgages from 2013 to 2020 and provides yearly snapshot on monthly insurance premiums,

policy coverage, and insurer. ICE McDash collects these data from a subset of mortgage

servicers.

Summary statistics are provided in Panel E of Table 1. Among the 1.5M policies we

observe between 2013 and 2020, the average price of insurance defined as monthly premium

13The data are available at a quarterly frequency. We bring it to the annual level to match the frequency
of insolvency data by using fourth-quarter data for stock variables (e.g., total premiums, number of policies),
and sum across all quarters in a year for flow variables (e.g., new policies written, transferred policies,
cancelled policies).
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per coverage measured in $1000 is $7.56. In our analysis we zoom in on policies with coverage

around the FIGA coverage limit of $300,000. Within the range of $250-350,000 of coverage,

we have 365,000 policies. Their price is slightly lower. The amount of policies that were

fully covered by FIGA are slightly more than a half (62%).

3. The Effect of Insolvencies on Supply of Insurance

In this section, we present our main results on how insurers respond to another insurer going

insolvent. Our empirical strategy examines the extent to which insurers’ total premiums

sold respond differently based on whether there is an insolvency in the state. The intuition

is that since capital is limited, insurers will sell more in states where profits are higher

(i.e. in unaffected states) as contributions to the guaranty system is like an additional tax

on insurers selling in the state. Therefore, we expect that insurers’ premiums sold would

decrease in affected states, both in anticipation and after the insolvency.

We start with an event study around each insolvency. Here, our treatment will be whether

the state is affected by insolvency, formally defined as whether the insurer that went insolvent

sold in the state before the insolvency date. We limit the sample for each insolvency to the

insurers that sold in the state These insurers would be asked to contribute to the total

assessments (total expected claims of the insolvent insurer) levied by the guaranty fund in

the treated state, but not in control states. This way, we can compare affected insurers’ sales

in treated and in control states.

3.1. Event study: Affected Insurers in Treated States

First, we want to know how insurers responds to insolvencies within an affected state. We

consider a panel of all insurers operating in states with insolvencies. Around each event, we

include ten years before and after each event.
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The regression specification is:

(1) log(Premiumiste) ∼ ν1Post1te + ν2Post2te + αis + αit + ϵiste,

where the dependent variable is log of total premiums sold (plus one) by insurer i in year

t in state s (where an insolvency has taken place). The subscript e refers to the insolvency

event e. We also consider supply on the intensive margin by focusing on log of premiums

conditional on sales (insurers sales decrease, but the insurer remains in the state), and the

extensive margin by focusing on whether the insurer active in the pre-period stopped selling

insurance (did the insurer fully exit the state).

Post1te is an indicator for the first post-period, which we define to be the three years lead-

ing up to the insolvency e when the insurer is formally liquidated (i.e., declared insolvent).

The formal insolvency declaration can happen only after a court declaration, usually years

after the first news of financial problems emerge. This is the period when news about the

impending insolvency is likely to be available and insurers can start to change their product

market behavior. Specifically, the solvent insurers who anticipate the assessment fees, may

choose to lower their sales, which is the basis of the overall fees owed (ν1 < 0). Post2te is

an indicator for the period after e’s formal liquidation has taken effect (second post-period).

The guaranty fees are subject to an annual cap, which is a state-varying fraction of total

premium sold. Therefore, ν2 < 0 would be consistent with insurers trying to minimize their

annual fees burden.

We add insurer × state fixed effects (αis) to compare the premiums for the same insurer

over time in a given state. Insurer × year fixed effects (αit) control for other time varying

insurer characteristics that could also drive overall supply changes.

These simple differences ran on a panel of treated states only allow us to test if insurers

decrease their insurance premiums around an insolvency. Meanwhile, if we estimate the

regression on a panel of the affected insurers in control states over the same periods, a
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positive coefficient on ν1 or ν2 would be consistent with insurers increase their premium

sales in control states due to shift away from affected states.

The results are shown in Table 2. Column (1) shows the regression estimated on all states

that were affected on insolvencies. We see that in the first post-period, premiums decrease

by 3% annually in treated states, and increases by 3% in control states, with the effect being

statistically significant. Both post-period two coefficients are small and non-significant, in-

dicating that overall, there is no significant post-event shift in sales. The dynamic treatment

effect coefficients are shown at Figure 3. Indeed, in the pre-period insurers do not signifi-

cant drop their insurance supply. We see the biggest supply drop in the first post-period,

especially two years before the formal liquidation. While the second post period the supply

generally recovers, it is still below baseline until five years after the formal liquidation.

3.1.1. Comparing pre-funded and post-funded systems

One concern with attributing the decrease of sales in areas affected by insolvency is that

both are driven by the omitted variable of changes in risk. Specifically, solvent insurers

update their beliefs about a state’s fundamental risk, and thus they scale down operations

to manage their risk. At the same time, insolvent insurers fail because they did not properly

manage this risk.

To address this alternative explanation, we compare the responses to insolvencies by

whether they affect only post-funded states, or whether they also affect the only pre-funded

state: New York. If the decrease in supply was due to risk increases, we should see similar

effects, irrespectively of whether the insolvencies affect New York or not. In contrast, if

supply drops due to assessments, we should see weaker response in insolvencies that affect

New York, because there the incentives are similar before and after the event.

In Table 3, we estimate Equation 1 on a sample of (i) insolvencies that affect only

post-funded states (i.e., non-New York insolvencies), (ii) insolvencies that affect the only

pre-funded state (i.e., New York insolvencies). We see that in non-New York insolvencies,

after an insolvency supply drops in both the first and the second post-period, by respectively
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9% and 6%. However, the New York insolvencies do not see significant drop in supply.

In Table A.1 we show the result comes from both the intensive or the extensive margin.

After non-NY insolvencies, conditional on a sale, insurers decrease their sale in treated

states by around 5% in the both post-periods. On the extensive margin, these insolvencies

are associated with an increase in exit likelihood in treated states by 1% in the first and

0.6% in the second post-period. None of these effects are present for NY insolvencies. These

findings are not consistent with the drop in supply coming from risk updating and instead,

they suggest that the supply drop comes from assessment fees incentives.

3.2. Stacked DiD: Affected Insurers in Treated vs Control States

Another concern is whether the drop we see in affected states comes from affected insurers

reducing sales everywhere. The null results from the simple difference analysis on non-treated

states suggest otherwise (column (2) of Table 2). Still, we would like to formally test how

affected insurer’s premium sales compare in treated states as opposed to in unaffected states.

We use a stacked differences-in-differences (DiD) event study design (Cengiz et al., 2019),

which allows us to circumvent the common issues associated with staggered DiD estimators

(Baker et al., 2022). Specifically, we stack the panel in event time rather than in calendar

time (i.e., t=0 for each state pair is the is the date of the event), and for each event include

10 years of data around each insolvency.

The regression specification is:

log(premium+ 1)iste = α + β1Treatedise × Post1te(2)

+ β2Treatedise × Post2te

+ αise + αte + αit + ϵiste,

T reatedise is an indicator variable that takes the value of 1 for insurers affected by the

insolvency event e only for the treated states s, and 0 otherwise. Post1te and Post2te, and
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the dependent variables are defined as in Equation 1. We add insurer × state × event fixed

effects (αise) to compare the premiums for the same insurer over time in a given state. Year

× event fixed effects (αte) control for common time varying conditions (e.g. demand) that

could also drive sales. Insurer × year fixed effects (αiy) control for other time varying insurer

characteristics that could also drive supply changes. The crucial feature of our identification

strategy is that we compare the same insurer’s responses across states that are differently

affected by an insolvency.

To illustrate the identification strategy, consider the Sunshine State Insurance insolvency

in 2014 as a shock event. It operated in Florida only. The DiD design exploits three sources

of variation: (a) Over time: we look at how premiums change in the period (before 2011), in

the first post-period (years 2011 to 2013), and in the second post period (after the insolvency

if finalized in 2014). (b) Across states: we ask for insurers that sold in Florida, did premium

sales decrease more in the treated state of Florida state relative to all other (control) states.

The stacked event study design generalizes this setup by considering all insolvency shocks

during the sample period. The first difference, Treatedise, measures how the treated insurer’s

sales in an unaffected state compare to the baseline growth of a similar, unaffected insurer

in the same state. It captures the normal growth pattern expected in unaffected states and

isolates any excess growth attributable to insurer’s behavior. If the coefficient is positive,

it suggests that the affected insurer is shifting sales into the unaffected state following the

insolvency shock, rather than experiencing only typical market growth. The second difference

– Post1te and Post2te – identifies whether premiums change in the first or second post-period

relative to the pre-period.

As before, we test whether the results change based on the types of guaranty fund the

affected states have. Specifically, we estimate Equation 2 on a sample of (1) all insolvencies,

(2) insolvencies that affect only post-funded states (i.e., non-New York insolvencies), (3)

insolvencies that affect the only pre-funded state, and at least one more state (i.e., New York

insolvencies), and (4) insolvencies that affect only New York (New York only insolvencies).
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The results are in Table 4. We see that in the sample of all insolvencies, β1 and β2 are

negative statistically significant. The economic magnitude of the differential rate increase is

large: premiums decrease by 19% in the first and by 33% in the second post-period. These

coefficients increase by around 30% in the non-New York insolvency sample, and decrease in

the New York insolvency sample by almost half in the first, and by three times in the second

post-period. In the New York only sample, the result is no longer significant.

In Table A.2 we show these results come from both the intensive or the extensive margin.

In the full sample, conditional on a sale, insurers in affected states decrease their sale by

around 6% in the first post-period and by 10.5% in the second post-period, compared to

non-affected states. These effects increase to, correspondingly 10% and 15% in the non-New

York insolvency sample, and are not significant for the New York insolvency sample. On the

extensive margin, insurers are overall more likely to exit the affected states by 0.8% in the

first and 1.3% in the second post-period. Among the non-New York insolvency sample, the

coefficients increase to 1.2% in the first and to to 2% in the second post-period, and are not

significant for NY insolvencies.

These results indicate that the same affected insurer ration supply by more in treated

states than in control states, both in anticipation, but also after the event. The results are

stronger leading up to the event, and that result, combined with the weaker effects in New

York insolvencies, suggest that this decrease is indeed likely driven by the guaranty fund

structure timing.

3.3. Robustness test: Disentangling Assessment Concerns from Climate Risk

The comparison of pre-funded to post-funded systems suffers from the limitation of a single

pre-funded state (New York). A concern remains that climate risk is the omitted variable that

drives both supply rationing and insolvencies, and that we see less supply rationing in New

York-related insolvencies due to the state’s low climate risk. In this section we will address

this concern by explicitly focusing on whether climate risk can fully account for the supply
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rationing. Specifically, we test if insolvencies that occur due to idiosyncratic reasons and

not due to climate disasters, also spur supply rationing. Next, we test if rationing occurs

even in the subset of states that were exposed to the insolvent insurer but were shielded

from the disaster natural disaster that prompted the insolvency. Finally, using aggregate

ZIP-level data on cancellations, we compare cancellations across state borders where one

side is affected by insolvency and the other is not. Since both sides of the border have

similar climate exposure, the differences in cancellations will not be attributable to insurers

updating their beliefs about climate risk.

We start by classifying insolvencies into climate-related, which are tied to catastrophic

events, and idiosyncratic, which are likely driven by poor investment performance or opera-

tional failures. Since catastrophic events result in large insured event, we identify the years

in which state-level total insured losses exceeded total premiums. We classify an insolvency

as climate-related if it occurs within three years of the event and if the insolvent insurer was

active in these large loss state-years. As a result, we classify 32 insolvencies as climate-related

and 16 as idiosyncratic.

Our first two tests are based around the intuition that idiosyncratic insolvencies isolate

the pure guaranty fund fees effect, while climate insolvencies include both the fees effect,

and the effect of updating climate risk beliefs. Since not all high-loss events are unexpected

for insurers, this will understate the effect of learning, but will not affect the fees’ effect.

This definition emphasizes the long time it takes for insolvencies to be finalized through the

court system before the guaranty assessments begin (Sastry et al., 2025). A natural question

arises on whether some of the insolvencies we classify as idiosyncratic can be in fact due

to climate event originally. However, if an insolvency happens more three years after the

disaster, the affected insurers will be much more likely to anticipate the insolvency, to have

done any learning-related adjustments, and any remaining effects will be due to strategic

response to the guaranty fund fees.

Test 1: We first re-run the event study from Equation 1 separately on each type of
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insolvency for affected insurers in states with and without insolvency. Results are shown in

Table 5. In columns (1) and (2) we split the simple difference sample of treated states from

column (1) of Table 3 into climate and non-climate events. We see that among idiosyncratic

insolvencies, there is 6% drop in pre-insolvency drop in premiums. Moreover, the post-

insolvency drop in premiums is no longer significant. On the other hand, climate events

induce a larger pre-event drop in premiums (14.6%), and significant post-event drop of

similar size (12.9%), consistent with climate events reflecting other factors such as learning,

both before and after an event.

The large drop in pre-climate insolvencies premiums may be at first glance surprising –

after all, natural disasters should be surprising events, and they can lead to the insolvency

of otherwise stable insurers* . However, note that our definition for pre-period is three years

before the insolvency, not the disaster. Given how we construct the panel, this means that

up to two years of the pre-period can occur after the disaster takes place.

While the idiosyncratic insolvencies help us narrow down the effect of guaranty fund

systems, the climate insolvencies magnitudes remain highly relevant. In an environment of

high climate uncertainty we are likely to see much more insolvencies due to natural disasters

going forward, and our results suggest that they lead to large decrease in the overall market

due to a several factors.

Note that results look similar if we rerun the stacked DiD regression from Equation 2

separately on the idiosyncratic and climate insolvency set, results are similar in magnitudes.

Results in Table A.3 confirm that while idiosyncratic events see the coefficients drop by half

, they are highly economically and statistically significant, on both the intensive and the

extensive marginp

Test 2: Our second test focuses on climate insolvencies that affected states with no

catastrophes. We compare supply changes for insurers in states unaffected by insolvencies

to states not affected by a disaster, but affected by a climate-related insolvency. Consider

an insurer that fails due to a climate disaster in state A (e.g., California). Suppose this
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failed insurer also operated in state B (e.g., Kansas), which experienced no disaster, i.e.

leading up to the liquidation loss-to-premium ratio was never 1 in state B. For a solvent

insurer operating in both state B (Kansas) and state C (e.g., Nebraska), this creates a clean

natural experiment, where we can compare the insurer’s supply in state B (Kansas) vs state

C (Nebraska). In state B (Kansas), the solvent insurer is not exposed to the disaster, so

there is no climate effect. However, the insurer is exposed to the insolvency, because the

insolvent insurer also operated in Kansas, so he will be subject to assessment fees there. In

state C (Nebraska), the solvent insurer is exposed to neither the disaster nor the insolvency.

To run this test, we run Equation 2 on a modified panel that includes only climate-related

insolvency, but exclude the catastrophe-affected state itself (in the example above, we would

exclude California). Results are in Table 6. We find that supply in these ”assessment-only”

states drops by 12% in the first, and by 11% in the second post-period relative to unaffected

control states. The split by intensive and extensive margin shows that conditional on an

insurer remaining in an affected state, the supply drops by 8.5% in the first and 10.7% in the

second post-period. In the first period, there is no difference in the exits, but in the second,

exit propensity increases by 9 bps.

Test 3: For our third test, we employ a geographic border discontinuity design. Using

the data provided by FIO on aggregate cancellations between 2018 and 2022. We compare

aggregate insurance cancellation rates in ZIP codes that are immediately adjacent to one

another but fall on opposite sides of a state border, where one state (“treatment”) is affected

by an insolvency and the other (“control”) is not.

The key assumption is that factors that might also drive cancellations (e.g., local climate

risk, economic trends, and housing characteristics) are likely to be similar across the state

border. We assume that any differences in cancellation rates on each side of the border will

be attributable to guaranty fund assessment. If insurers are exiting to avoid the assessment

tax, we should see an increase in cancellation rates. If, on the other hand, insurers are

exiting due to a new understanding of climate risk, we would expect to see a smooth pattern
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of cancellations across the border.

Since this dataset is available for only five years between 2018 and 2022, and we need

three distinct periods, we are limited in our empirical design. To make progress, we isolate

the insolvencies that occurred in 2020 and 2021. There are three insolvencies in that period:

two of them were of an insurer that only sold New York (Maidstone Insurance in 2020,

and Global Liberty in 2021), and one was of an insurer that sold in six southern states

(Gulfstream Property and Casualty). For each affected state, we identified all the state’s

neighboring state. We exclude all state border pairs where on either side of the border

an insolvency occurred between 2017 and 2023, to ensure our controls are not affected by

insolvency. As a result, we have five state pairs for the non-NY insolvency (AL-TN, AL-GA,

LA-AR, MS-TN and SC-GA), and three NY insolvency pairs: NY-PA, NY-CT, NY-VT.

We expect to see an increase in cancellation rates in the non-NY pairs, but not in the

NY pairs, since NY has a pre-funded guaranty system, and this way it provides a placebo

test. We run the following simple DiD regression separately for the New York and non-NY

insolvencies:

(3) Cancellation ratezt = ϕ1Post1t × Treatedz + ϕ2Post2t × Treatedz + ϕz + ϕt + ϵzt

Cancellation rate is the number of policies canceled in a given ZIP code z divided by the

total policies, in year t. Treatedz is an indicator variable that equals 1 if ZIP code z is part

of the state that experiences insolvency, and 0 otherwise. Post1 is 1 if the year is 2020 for

the non-NY insolvency and 2019 for the NY insolvencies. Post2 is 1 if the year is 2021 or

2022 for the non-NY insolvency, and if the year is 2020 to 2022 for the NY insolvencies. We

include ZIP and year fixed effect to control for any local conditions or temporal changes in

overall economic conditions that affect the supply.

The results in Table 7 provide evidence that ex-post funding system drives supply ra-

tioning, even apart from climate risk considerations. Specifically, we find that cancellation
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rates for the post-funded states are significantly higher on the side of the border that was

affected by the insolvency in the first post-period – they increase by 1%, while the average

cancellation rate is 5% in the aggregate. In the second post-period, there is an increase

by 0.5% but it is not statistically significant. In contrast, we see the opposite effect in NY

insolvencies: cancellations decrease by 10% relative to sample mean, and significantly so in

the first post-period. This is consistent with New York insolvency providing a placebo test.

However, we will not interpret the negative coefficient as a true increase in supply post-

insolvency, since there is only one treatment state in that regression (New York). Finally,

note that coefficients’ significance and magnitude does not change based on whether we add

zip and year fixed effects.

3.4. Mechanism

3.4.1. Assessment as Tax and Financing Frictions

We argue that affected insurers decrease their sales in treated states because of financing

frictions introduced by the post-insolvency assessment fees. To show this, we test whether

the ease with which insurers can recoup their fees affects supply rationing.

If indeed financing frictions drive this pattern, we expect that the supply rationing coef-

ficients (ν1 and ν2 in Equation 1) will be much smaller when insolvencies occur in states in

which it is easier to recoup. . We split all post-funded-only insolvencies into ones where at

least one of the affected states allows PTO, the easiest way for insurers to recoup insolvency

assessment fees. The 14 states that allow PTO are shown at Figure 4, and Panel A of Table 1

shows that 17 of the insolvencies affected at least one PTO state. We rerun the event study

from Equation 1 as well as the stacked DiD from Equation 2.

The results from the event study are shown in Table 8 (panel A). Column (1) shows that

the insolvencies in PTO states do not exhibit a drop in supply. In contrast, Column (2)

shows that when all treated states by an insolvency rely on non-PTO methods (surcharges

and rate requests), the coefficients increase compared to baseline, and remain statistically
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significant. Insurers in affected states decrease their premiums sold by 20.6% in the first,

and by 17% in the second post-period. If we split the pattern into its intensive and extensive

margins, we see strong response only in non-PTO insolvencies in the first post-period. The

effect on the likelihood that an insurer will fully exit a market is also significant for only

non-PTO states in both post periods, where it is around 2%.

These findings are robust to comparing how the affected insurers change their sales in

affected vs non-affected states using a stacked DiD approach shown in Table 8 (panel B).

Overall, the response of insurers in PTO is much more muted in insolvencies affecting a PTO

state. Insurers in a non-PTO state insolvency are 3% more likely to exit the affected state in

post period 1 and 4.6% more likely to exit the state in post-period 2. For insolvencies that

affect a PTO state, there is no extensive margin response at all. While there is a response on

the intensive margin for both types of insolvency, the response is much more muted in PTO

state insolvencies. In post-period 1, affected insurers see 7% lower sales in PTO insolvencies,

and 15% lower in non-PTO insolvencies. In post-period 1, affected insurers see 6.6% lower

sales in PTO insolvencies, and 29% lower in non-PTO insolvencies. Taken together, our

results imply that if insurers do not have access to easy way to recoup their guaranty fund

assessments, they are more likely to shrink their presence in a state once an insolvency is

approaching, and once it formally takes place.

3.4.2. Diversification Motive

Another reason why insurers may choose to ration supply in a given area is to diversify

exposures away from geographies with many insolvent insurers. The guaranty fund de facto

assigns the insolvent insurers’ claims to solvent insurers. If the insolvent insurer had a large

market share in a given area, solvent insurers’ exposure to the area will increase. An insurer

that wants to maintain geographic diversification may seek to offset this inherited exposure

by proactively reducing their footprint in these areas. To rebalance their portfolio back to

optimal level of geographic exposure, the solvent insurers would choose to decrease their

underwriting in heavily affected areas after the insolvency formally takes place. In other
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words, insurers would cancel more policies in areas with higher market share of the insolvent

insurer compared to areas with lower exposure.

The challenge with identifying this diversification mechanism driving supply rationing is

that at the state-level it will be indistinguishable from avoiding the fee assessment. We need

to test how insurers responds to insolvency exposure at the sub-state level: does the same

insurer within the same state cancel more policies in areas with higher versus low exposure to

insolvent insurers. The insurer’s fee burden remains unchanged since it is determined at the

state level, but diversification would lead to reshuffling of the portfolio across geographies.

We need a data set that provides information on (1) insurers’ time varying exposure to

areas at granularity lower than state, and (2) overall market share of the insolvent insurers.

There are only two states that disclose the information of the the full geographic distribution

of each insurers: California and Florida. However, much of California’s data is aggregated to

the insurer group level, so computing the insolvent insurer market share would be challenging.

Thus we will use the Florida QUASR dataset, for which we have the data available for the

years 2009 to 2018.

We identify insolvencies that occurred in that period, with sufficient time for the three

distinct time periods (as before, pre-period, post period one and post period two). The only

insolvency to fit this criteria is Sunshine State Insurance Company, which was liquidated

formally in 2014. The insolvency was not climate related. It took place in a period when

Florida suffered no major hurricanes14. In fact, at the time it was widely reported that

the insolvency occurred because of an accounting error15. Therefore, the move away from

affected zones is not driven by insurers limiting exposure due to learning about risk, and

this insolvency is a suitable event to isolate the diversification motive channel.

14“The year 2014 marks the longest period on record – nine consecutive years since Hurricane Wilma
in 2005 – that no major hurricanes made landfall over the U.S., and also the ninth consecutive year that
no hurricane made landfall over the coastline of Florida.” Source: 2014 North Atlantic Hurricane Season
Review

15“...the company’s capital had been eroded after it discovered an accounting error that meant that a
sum of around $5mn of expenses had been erroneously capitalized... instead of being classified as expenses.”
Source: (2014, June 5). Sunshine State placed into liquidation. Insurance Insider.
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We estimate the following continuous treatment DiD regression, ran on an insurer-year-

county level:

(4) Cncl Rateict = δ1Post1t ×Insolv. Exposurec+δ2Post2t ×Insolv. Exposurec+δc+δit+ϵict

The dependent variable is an insurer i’s policy cancellations in county c in year t divided

by the number of policies in the previous year. The reference event is Sunshine’s insolvency

in 2014, and the treatment, Insolv. Exposurec is the market share of Sunshine Insurance in

county c as of the year before the insolvency. The pre-period is 2010 and 2011 (note, since

cancellation rate is computed relative to last year’s number of policies written, the earliest

year we can use is 2010). Post1t , the first post treatment period, is an indicator for 2012 and

2013. Post2t is an indicator for the 2014 and after. The end period was selected to exclude

the effects of hurricane Irma in late 2017 that lead to the insolvency of several insurers. In

the strictest specification, we include county and year-insurer fixed effects to control for local

conditions and trends in each solvent insurer’s behavior (such as overall supply restriction

for the state of Florida due to assessments).

If the diversification mechanism is at play, we expect to see that high insolvency share will

increase cancellations in the first post period, i.e., once the news on the potential insolvency

becomes public (δ1 > 0). Indeed, our results, shown in Table 9, show that exit is more

pronounced in the particular counties that were exposed to the insolvent insurers. We see that

δ1 is economically and statistically significant for all specifications. One standard deviation

increase in insolvency exposure increases the cancellation rate by around 3% relative to the

mean cancellation rate. The county-level exit patterns we document here are consistent

with solvent insurers being concerned about having portfolios that are overly concentrated

in fragile counties through the guaranty fund.
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4. Moral Hazard and Pricing of Insurance

Our second main finding focuses on whether the guaranty funds’ structure induces moral

hazard, and what are the implications for the quality of the supply of insurance.

The moral hazard arises when consumers rely on the existence of guaranty funds, so they

do not screen the quality of their insurer. Similarly, a regulator who is more concerned with

expanding the supply of insurance rather than its quality (as Sastry et al. (2025) show) would

also allow insurers to take on more risk due to the existence of backstop16. Undiversified,

single state insurers will be especially prone to taking on excessive, unpriced risk for two

reasons. First, their better diversified competitors may have reputational concerns: if an

Allstate affiliate goes insolvent in one state, the brand name may suffer not only across the

homeowners’ market, but across auto insurance, working comp lines, etc. Second, insur-

ers who operate across many states may have different financial regulator who, if facing no

problems with supply, may prioritize financial stability. For example, Allstate is financially

domiciled in Illinois, but also sells in Florida. This means that the state tasked with moni-

toring financial stability is Illinois. While Sastry et al. (2025) show significant forbearance in

regulation of fragile insurers domiciled in Florida, Allstate will have to be capitalized to the

degree of satisfaction of Illinois, where the regulators may not need to engage in forbearance

to support the supply of insurance17. In contrast, Sunshine Insurance has only one line of

business (homeowners) and in one state. It is domiciled in and regulated by Florida, so it is

subject to its potentially lax financial regulation. As a result, Sunshine faces fewer downsides

to taking on large unpriced risks, since it has a permissive financial regulator, it faces no

reputational costs, and it does not face pre-insolvency risk-sensitive guaranty fees. These

considerations can each result in Sunshine being able to offer a lower price than Allstate, in

order to capture a larger market share.

16Consistent with this argument, Bohn and Hall (1997) argue that these funds allow financially weak
(nearly insolvent) insurance companies to “gamble for resurrection” by aggressively writing new policies.

17Tenekedjieva (2021), Leverty and Grace (2018), Liu and Liu (2020) show that strictness in insurance
regulation vary by regulators’ incentives.

29



We test this hypothesis using individual policy data from McDash Insurance module.

We will focus our attention on Florida again for several reasons (all outlined in detail in

Sastry et al. (2025)). It is dominated by small, financially fragile, insurers who are known to

face high default risk. Close to 70% of the market share is by insurers whose rating comes

from Demotech, which is a strong predictor that the company is financially fragile, since all

Florida insolvencies are among Demotech insurers, and 1 in 5 Demotech-rated insurers have

gone insolvent since 2009. The study takes the market equilibrium as given. However, here

we will show that fragile insurers are able to capture large market share in part because they

are underpricing their counterparts, consistent with guaranty fund-induced moral hazard.

We consider a panel of policy-year data between 2013 and 2020 from Florida. We define

our dependent variable, Priceijzt, as the annual premium per $1000 of coverage for a policy

on loan j from insurer i in ZIP code z at year t. We first by running the following baseline

regression:

(5) Priceijzt = πFragile Insureri + πctrlXij + πz + πt + ϵijzt

where Fragile Insureri is an indicator for the insurer being Demotech-rated (as in Sastry

et al. (2025)). In Xij, we control for the credit score of the consumer, which is a well-known

risk factor, as well as coverage bucket (by $100,000s) to account for non-linearity in demand

for coverage. We also include ZIP fixed effect to control for different insurer types choosing

different geographies (Demotech-rated insurers are more likely to underwrite in high risk

areas), and year fixed effects. The coefficient π compares how do insurers price their policies

in the same ZIP code, in the same year price the same type of consumer (by credit score and

coverage needs), based on whether the insurer is fragile or not.

Table 10 shows that fragile insurers are, on average, significantly cheaper than their well-

capitalized counterparts. Adding controls ZIP and year fixed effects does not change our

estimates in a meaningful way. In our most stringent specification (Column 4), the discount
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is $1.71 less per $1000 of coverage. These coefficients imply that Demotech-rated insurers

charge 15-22% less than their competitors.

This raises the question of whether this discount is due to moral hazard underpricing, or

due to fragile insurers having lower market power or superior skill (e.g., better local market

knowledge)? To disentangle these two explanations, we test if underpricing changes around

the maximum FIGA coverage limit cutoff of ($300,000). The policies with coverage below

the cutoff are fully insured and thus provide consumers with weak incentives to monitor their

insurer’s solvency. Consumers whose policy is above the limit retain some counterparty risk

and thus have a stronger incentive to monitor.

We compare policies with coverage in a narrow band around this limit (e.g., $250,000 to

$350,000) and assume consumers are broadly similar. If the lower prices of fragile insurers

were driven only by better skill or lower market power, their discount should be the same

no matter the consumers’ incentive to monitor. However, a discount that decreases over

the limit will be consistent with the moral hazard hypothesis. We modify the regression in

Equation 5:

Priceijzt =π1Fragile Insureri + π2Below Limitjt(6)

+ π3Fragile Insureri × Below Limitjt + πctrlXij + πz + πt + ϵijszt,

where Below Limitjt is one if loan j has coverage between $250,000 and $300,000 and zero

otherwise.

The results in Table 11 support the moral hazard hypothesis. The key coefficient, π3 is

negative and significant, consistent with lower monitoring incentives below the cutoff. For

non-fragile insurers, policies below the coverage limit are in fact, more expensive. As in the

full sample, fragile insurers are selling at lower prices than their competitors, both above

and below the coverage limit, with the effect stronger once we control for local risk with ZIP

fixed effects. Below the limit, the discount increases between 12% and 35%, depending on

31



controls.

These results suggest that the guaranty fund structure induces moral hazard. Given the

high economic significance of the results, this underpricing is a major factor behind why

fragile insurers have come to dominate high risk areas. A risk-sensitive guaranty fund fee

structure may counteract this effect and the regulatory forbearance.

5. Conclusion

This paper provides systematic evidence on the role and design of state-level P&C insurance

guaranty funds. While these funds are intended to protect consumers and build trust in

a market that requires upfront payment, our findings suggest their current design imposes

significant externalities. We find that the post-funded, risk-insensitive, and decentralized

structure of these backstops creates two major distortions. First, it degrades market quality

by inducing moral hazard, allowing financially fragile insurers to ignore their own insol-

vency costs and underprice well-capitalized competitors. Second, the system is pro-cyclical

and actively disrupts insurance supply. Solvent insurers strategically exit states following

insolvencies to avoid both the “tax” of future assessments and the ”inherited” geographic

concentration from failed competitors.

These findings show that the current safety net, rather than stabilizing the market,

amplifies shocks by driving out healthy firms precisely when consumers need them most.

This is particularly concerning in an era of rising, correlated climate risk, and it highlights the

urgent need to explore alternative designs. This paper raises the question of the effectiveness

of various policy solutions to the problems outlined in this study.

One policy counterfactual to consider is a move to a pre-funded system. This system

could solve the pro-cyclicality of ex-post assessments, but future work must consider whether

this design would create new vulnerabilities, such as the political capture and regulatory

forbearance seen in the history of banking. Similarly, a federal guaranty fund could offer
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superior risk diversification, but its interaction with state-level regulation and its effect on

insurer incentives are open questions. Finally, given the significant market distortions we

document, a more fundamental line of inquiry could model the net welfare effects of removing

the guaranty fund system entirely, weighing its consumer protection benefits against the costs

of moral hazard and supply-side contractions.
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Figures

Figure 1: Fraction of High Risk States Affected by an Insolvency

Using SHELDUS data, we identify the ten states that have the highest number of property damage
per capita since 1961. For each year, we estimate the fraction of high risk states affected by an
insolvency. Insolvency data comes from GRID (provided by NAIC), state underwriting data comes
from NAIC’s Statutory Insurance Filings, accessed trough S&P Market Intelligence.
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Figure 2: Structure of a Post-Funded State Guaranty Fund

The figure shows a stylistic representation of how households, insurers and guaranty funds operate.
If Insurer 1 goes insolvent, the state Guaranty Fund collects assessment fees from Insurers 2 and
3 and pays for all outstanding claims for properties that were supposed to be protected by Insurer
1. These payments are subject to a maximum cap.
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Figure 3: Dynamic Treatment Effect of Insolvencies on Premiums

This figure shows the results from estimating a dynamic version of the event study in Equation 1.
All the fixed effects and controls are as described in the text. The dependent variable is the log of
total premiums (plus 1) written by insurer i in state s in year t for insolvency event e. The event
years are relative to the formal liquidations of each insolvency. We consider the period 6 years
before and after an insolvency. Post period 1 is when news about the impending insolvency is likely
to be available and insurers can start to change their product market behavior. Post-period 2 is
the period after the formal liquidation has taken effect. The bands around the estimate represent
95% confidence interval.
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Figure 4: States that Allow Partial Tax Offset (PTO)

The figure shows a map of the U.S., where the 14 states that allow insurers to get relief from their
guaranty fund assessments via partial tax offset (PTO) are shown in red. Source: Dunning et al.
(2015)
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Tables

Table 1: Summary Statistics

The table describes the samples used in our analyses. The subscripts used are as follows: i is an
unique insurer, s is a state, t is an year, e is a unique insolvency, z is a ZIP code and c is a county.

Variable N Mean SD Min Q25 Median Q75 Max

Panel A: Number Insolvencies in Homeowners’ Insurance (NAIC GRID)

Insolvencies used 2000–2016 48

Insolvencies affecting NY 3

Insolvencies affecting NY only 1

Climate-driven insolvencies 32

Idiosyncratic insolvencies 16

PTO insolvencies 17

Panel B: Main Sample

Log(Premiumiste) 2863748 6.419 2.655 0.693 4.644 6.653 8.323 14.504

Is Exitiste 4845841 0.409 0.492 0.000 0.000 0.000 1.000 1.000

Treatedise 4845841 0.101 0.302 0.000 0.000 0.000 0.000 1.000

Panel C: ZIP-year cancellations, FIO data (2018-2022)

Cancellation Ratezte (non-NY insolv.) 935 0.057 0.023 0 0.042 0.053 0.067 0.175

Cancellation Ratezte (NY insolv.) 560 0.032 0.016 0 0.021 0.030 0.039 0.129

ZIP treatedze (non-NY insolv.) 935 0.497 0.500 0 0.000 0.000 1.000 1.000

ZIP treatedze (NY insolv.) 560 0.491 0.500 0 0.000 0.000 1.000 1.000

Panel D: Insurer-county cancellations, QUASR data on Florida (2010-2017)

Cancellation Rateict 36961 0.139 0.166 0 0.043 0.102 0.169 1.000

Panel E: Pricing data on policies (McDash Insurance Module, Florida 2013-2020)

Annual Premium/$1000 Coverage 1557450 7.566 4.353 1.846 4.5 6.524 9.422 30.333

Limited sample ($250-350K coverage policies)

Annual Premium/$1000 Coverage 365025 6.730 3.836 1.846 4.012 5.743 8.447 30.333

Policy Below Coverage Limit 365025 0.621 0.485 0.000 0.000 1.000 1.000 1.000
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Table 2: Event Study: Affected Insurers in States with and without Insolvencies

This table presents results from the event study shown in Equation 1. The dependent variable is
the log of total premiums (plus 1) written by insurer i in state s in year t for insolvency event e.
The independent variables are Post1, an indicator for the first post-period, which we define to be
1 the three years leading up to when the insurer is formally liquidated (i.e. declared insolvent).
This is the period when news about the impending insolvency is likely to be available and insurers
can start to change their product market behavior, and Post2 an indicator for the period after the
formal liquidation has taken effect. The sample is as outlined in Section 2. Column (1) restricts
the sample to solvent insurers in states that are affected by the insolvency (i.e. where the insolvent
insurer also operated). Column (2) restricts the sample to the same insurers but looks at states that
are unaffected by the insolvency (i.e. where the insolvent insurer did not operate). All specifications
include state-by-year and insurer-by-year fixed effects. Standard errors are clustered at the insurer-
state level. * p < 0.1; ** p < 0.05; *** p < 0.01.

Log(Premiumist + 1)

(1) (2)

Post1te −0.031∗∗ 0.003∗

(0.014) (0.002)

Post2te −0.016 0.001

(0.018) (0.002)

Panel Affected Non-Affected

State × Year Fixed Effect Yes Yes

Insurer × Year Fixed Effect Yes Yes

Observations 483,587 4,291,092

Adjusted R2 0.901 0.905
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Table 3: Event Study: Affected Insurers in States with Insolvencies by Funding Type

This table presents results from the event study shown in Equation 1 estimated on a sample of
insurers in affected states (as in column (1) of Table 2). We split insolvencies by whether the
insolvent insurer sold in New York, the only state with pre-funded guaranty system. In column (1)
the insolvent insurer only sold in post-funded states (i.e., did not sell in New York). In column (2) at
least one of the states it sold in was New York. The dependent variable is the log of total premiums
(plus 1) written by insurer i in state s in year t for insolvency event e. The independent variables
are Post1, an indicator for the first post-period, which we define to be 1 the three years leading
up to when the insurer is formally liquidated (i.e. declared insolvent), and Post2, an indicator for
the period after the formal liquidation has taken effect. All specifications include state-by-year and
insurer-by-year fixed effects. Standard errors are clustered at the insurer-state level. * p < 0.1; **
p < 0.05; *** p < 0.01.

Log(Premiumiste + 1)

(1) (2)

Post1te −0.091∗∗∗ 0.009

(0.020) (0.023)

Post2te −0.062∗∗ 0.005

(0.028) (0.027)

NY ∈ affected states? No Yes

Insurer × State × Event FE Yes Yes

Insurer × Year Yes Yes

Observations 329,576 154,011

Adjusted R2 0.897 0.912
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Table 4: DiD: Affected Insurers’ Supply in States with and without Insolvency

This table presents results from the stacked DiD shown in Equation 2. The dependent variable
is the log of total premiums (plus 1) written by insurer i in state s in year t for insolvency event
e. The independent variables are: Treatedise, an indicator for whether insurer i is affected by
insolvency e in state s; Post1, an indicator for insolvency e’s first post-period, which is the three
years leading up to when the insurer is formally liquidated (i.e. declared insolvent); Post2 is an
indicator for the period after the formal liquidation has taken effect. The sample is as described in
section 2, but split by whether the insolvent insurer sold in New York, the only pre-funded guaranty
fund. In column (1) we include all insolvencies. In column (2) we include insolvencies affecting only
post-funded states (i.e., the insolvent insurer did not sell in New York). In column (3) we include
only insolvencies in which the affected states included New York (3 insolvencies) In column (4) we
include only insolvencies in which the insolvent insurer sold in New York only (one insolvency).
All specifications include state-by-calendar year-by-event year fixed effects, calendar year-by-event
year fixed effects, and insurer-by-state-by-event year fixed effects. Standard errors are clustered at
the insurer-by-state level. * p < 0.1; ** p < 0.05; *** p < 0.01.

Log(Premiumiste + 1)

(1) (2) (3) (4)

Treatedise× Post1te −0.187∗∗∗ −0.244∗∗∗ −0.102∗∗∗ 0.068

(0.019) (0.024) (0.022) (0.129)

Treatedise× Post2te −0.334∗∗∗ −0.434∗∗∗ −0.132∗∗∗ −0.206

(0.031) (0.041) (0.027) (0.170)

All affected states post-funded? Either Yes No No

Only NY is affected ? No No No Yes

Insurer × State × Event FE Yes Yes Yes Yes

Year × Event FE Yes Yes Yes Yes

Insurer × Year Yes Yes Yes Yes

Observations 4,845,841 4,200,285 572,710 72,846

Adjusted R2 0.902 0.901 0.905 0.884
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Table 5: Event Study: Climate-driven and Isiosyncratic Insolvecnies

This table presents results from the event study shown in Equation 1 and a modification of Table 2,
where we split insolvencies by whether they were climate disaster-driven or idiosyncratic. The
sample is as described in section 2, but limited to insolvencies affecting only post-funded states.
Furthermore, the samples is limited so that in columns (1) and (3) the insolvencies are climate-
driven and in columns (2) and (4) the insolvencies are idiosyncratic. Columns (1) and (2) further
restrict the sample to solvent insurers in states that are affected by the insolvency (i.e. where the
insolvent insurer also operated), while column (3) and (4) restrict the sample to the same insurers
but looks at states that are unaffected by the insolvency (i.e. where the insolvent insurer did not
operate). The dependent variable is the log of total premiums (plus 1) written by insurer i in state s
in year t for insolvency event e. The independent variables are Post1, an indicator for the first post-
period, which we define to be 1 the three years leading up to when the insurer is formally liquidated
(i.e. declared insolvent), and Post2, an indicator for the period after the formal liquidation has
taken effect. All specifications include state-by-year and insurer-by-year fixed effects. Standard
errors are clustered at the insurer-state level. * p < 0.1; ** p < 0.05; *** p < 0.01.

Log(Premiumiste + 1)

(1) (2) (3) (4)

Post1te −0.146∗∗∗ −0.060∗∗∗ 0.006∗ −0.001

(0.031) (0.023) (0.003) (0.001)

Post2te −0.129∗∗∗ −0.041 0.005 −0.003

(0.043) (0.032) (0.004) (0.002)

Liquidation due to climate? Yes No Yes No

States Affected by Insolvency? Yes Yes No No

State × Year Fixed Effect Yes Yes Yes Yes

Insurer × Year Fixed Effect Yes Yes Yes Yes

Observations 166,199 169,038 1,327,483 2,537,565

Adjusted R2 0.893 0.894 0.900 0.905
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Table 6: DiD with Climate-driven Insolvencies: Assessment-only vs Unaffected States

This table presents results from the stacked DiD shown in Equation 2, ran for climate-driven
insolvencies. Here, we compare how affected insurers’ supply differs in states with insolvency, but
not directy affected by climate events (assessment-only states), and in states with neither insolvency
nor natural disaster (unaffected states). The dependent variable in column (1) is the log of total
premiums (plus 1) written by insurer i in state s in year t for insolvency event e. Column (2)
measures the intensive margin, log of premiums written conditional on positive sale. Column (3)
measures the extensive margin, an indicator variable for whether the insurer sold at all in that
state and year. The sample is as described in section 2, but limited to climate-driven insolvencies
e, and to states s that are either assessment-only or unaffected. The independent variables are:
Treatedise, an indicator for whether insurer i is affected by insolvency e in state s; Post1, an
indicator for insolvency e’s first post-period, which is the three years leading up to when the
insurer is formally liquidated (i.e. declared insolvent); Post2 is an indicator for the period after the
formal liquidation has taken effect. All specifications include state-by-calendar year-by-event year
fixed effects, calendar year-by-event year fixed effects, insurer-by-state-by-event year fixed effects.
Standard errors are clustered at the insurer-by-state level. * p < 0.1; ** p < 0.05; *** p < 0.01.

Log(Premiumiste + 1) Log(Premiumiste) Is Exit?

(1) (2) (3)

Treatedise× Post1te −0.123∗∗∗ −0.085∗∗∗ −0.004

(0.030) (0.021) (0.004)

Treatedise× Post2te −0.263∗∗∗ −0.107∗∗∗ 0.009∗

(0.038) (0.029) (0.005)

Insurer × State × Event FE Yes Yes Yes

Year × Event FE Yes Yes Yes

Insurer × Year FE Yes Yes Yes

Observations 1,417,005 834,491 1,417,005

Adjusted R2 0.899 0.923 0.845
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Table 7: Evidence on Cancellations from Bordering ZIP codes

This table presents results from the border-design DiD shown in Equation 3. The sample is the
ZIP-year-level cancellations panel described in subsection 3.3. Columns (1-2) limit the sample to
the five state border pairs, where one side is affected by the post-funded insolvency. Columns
(3-4) limit the sample to the three state border pairs of New York around the NY-only insolvencies
(here, the pre-funded NY system should not increase cancellations). The dependent variable is
cancellation rate in ZIP code z in year t, in reference to insolvency e. The independent variables
are: ZIP Treatedze, an indicator for whether ZIP code z was on the side of the border that was
affected by the insolvency e; Post1, an indicator for the first post-period, the year before liquidation
e takes place; Post2, an indicator for the period after the formal liquidation. Columns (1) and (3)
show the DiD without any controls or fixed effects, while columns (2) and (4) include ZIP- and
year- fixed effects. Standard errors are clustered at the state level. * p < 0.1; ** p < 0.05; ***
p < 0.01.

Cancellation Ratezte

(1) (2) (3) (4)

ZIP Treatedze× Post1te 0.011∗∗∗ 0.011∗∗ −0.004∗∗∗ −0.004∗∗∗

(0.004) (0.004) (0.0003) (0.0003)

ZIP Treatedze× Post2te 0.005 0.005 −0.003 −0.003

(0.005) (0.005) (0.003) (0.003)

Post1te −0.004 0.002∗∗∗

(0.003) (0.0003)

Post2te 0.002 0.002

(0.004) (0.003)

ZIP Treatedze −0.007∗∗ −0.002

(0.004) (0.006)

Constant 0.058∗∗∗ 0.033∗∗∗

(0.003) (0.006)

NY insolvencies No No Yes Yes

ZIP Fixed Effect No Yes No Yes

Year Fixed Effect No Yes No Yes

Observations 935 935 560 560

Adjusted R2 0.014 0.541 0.011 0.414
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Table 8: Assessment Fee Recovery: PTO States vs Rest

We compare insurers’ supply response to insolvencies in states that do or do not permit the partial
tax offset (PTO) of assessment fees. The sample is as described in section 2, but limited to
insolvencies affecting only post-funded states. In both Panels A and B, the sample in columns (1),
(3) and (5) includes only insolvencies where at least one of the affected states allows PTO, while the
sample in columns (2), (4) and (6) includes only insolvencies where none of the affected states allow
PTO. Panel A presents results from the event study shown in Equation 1. Variable definitions,
controls and fixed effects are as in Table 3. Panel B presents results from the stacked DiD shown
in Equation 2. Variable definitions, controls and fixed effects are as in Table 4. * p < 0.1; **
p < 0.05; *** p < 0.01.

Panel A: Event Study

Log(Premiumiste + 1) Log(Premiumiste) Is Exit

(1) (2) (3) (4) (5) (6)

Post1te 0.019 −0.206∗∗∗ −0.027 −0.060∗∗∗ −0.007∗ 0.023∗∗∗

(0.027) (0.029) (0.019) (0.018) (0.004) (0.004)

Post2te 0.040 −0.169∗∗∗ −0.036 −0.036 −0.008 0.020∗∗∗

(0.039) (0.037) (0.030) (0.026) (0.005) (0.005)

Affected states PTO? Some or All None Some or All None Some or All None

Insurer × State × Event FE Yes Yes Yes Yes Yes Yes

Insurer × Year Yes Yes Yes Yes Yes Yes

Observations 199,102 136,135 115,072 76,070 199,102 136,135

Adjusted R2 0.891 0.917 0.917 0.941 0.838 0.866

Panel B: Stacked DiD

Log(Premiumiste + 1) Log(Premiumiste) Is Exit?

(1) (2) (3) (4) (5) (6)

Treatedise× Post1te −0.111∗∗∗ −0.449∗∗∗ −0.070∗∗∗ −0.153∗∗∗ −0.003 0.033∗∗∗

(0.021) (0.047) (0.015) (0.030) (0.003) (0.005)

Treatedise× Post2te −0.194∗∗∗ −0.778∗∗∗ −0.066∗∗∗ −0.289∗∗∗ 0.0004 0.046∗∗∗

(0.029) (0.075) (0.023) (0.054) (0.004) (0.008)

Affected states PTO? Some or All None Some or All None Some or All None

Insurer × State × Event FE Yes Yes Yes Yes Yes Yes

Year × Event FE Yes Yes Yes Yes Yes Yes

Insurer × Year Yes Yes Yes Yes Yes Yes

Observations 1,598,813 2,601,472 966,115 1,531,551 1,598,813 2,601,472

Adjusted R2 0.900 0.901 0.922 0.926 0.846 0.846
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Table 9: Diversification Motive and Policy Cancellations Within Affected States

This table presents results from the continuous treatment DiD shown in Equation 4. The dependent
variable is insurer i’s cancellation rate in county c in year t, computed as the number of policy
cancellations divided by the number of policies in the previous year. The sample is as outlined
in Section 3.4.2, where we consider insurers’ county-year level cancellations between 2010 and
2017 around the insolvency of Sunshine Insurance in 2014. The independent variables are Insolv.
Exposurec, the market share of the insolvent insurer (Sunshine Insurance) in county c as of the year
before the insolvency; Post1t , an indicator for the first post treatment period, which we define as
the two years before the insolvency; Post2t , indicator for the period after the formal liquidation has
taken effect. All specifications include county and year fixed effects; columns (2) and (3) includes
insurer fixed effect as well; column (3) also includes insurer-by-year fixed effect. Standard errors
are clustered at the county level. * p < 0.1; ** p < 0.05; *** p < 0.01.

Cancellation rateict

(1) (2) (3)

Insolv. Exosurec× Post1t 0.328∗∗ 0.309∗∗ 0.322∗∗

(0.127) (0.128) (0.135)

Insolv. Exosurec× Post2t 0.274 0.241 0.148

(0.180) (0.178) (0.147)

County Fixed Effect Yes Yes Yes

Year Fixed Effect Yes Yes Yes

Insurer Fixed Effect No Yes Yes

Insurer × Year Fixed Effect No No Yes

Observations 36,961 36,961 36,961

Adjusted R2 0.005 0.205 0.290
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Table 10: Evidence From Florida: Fragile Insurers Charge Lower Prices

This table presents results from the regression shown in Equation 5. The sample, outlined in
Section 4 is policy-year level data for the state of Florida. The dependent variable is the price of
the policy (annual premium divided by the selected level of coverage measured in thousand dollars).
The independent variable is Fragile Insurer, an indicator for whether the policy’s insurer is rated
by Demotech at some point of the sample. The specification in column (1) includes no controls
or fixed effects; in columns (2) to (4) it includes ZIP code fixed effects; in columns (3) and (4) it
includes credit score of the policy holder at mortgage origination; in column (5) it includes policy
year fixed effect. Standard errors are clustered at the ZIP code level. * p < 0.1; ** p < 0.05; ***
p < 0.01.

Annual Premium/$1000 Coverage

(1) (2) (3) (4)

Fragile Insurer −1.218∗∗∗ −1.707∗∗∗ −1.707∗∗∗ −1.707∗∗∗

(0.096) (0.065) (0.065) (0.066)

ZIP Fixed Effects No Yes Yes Yes

Credit Score No No Yes Yes

Coverage Bucket No No No Yes

Policy Year Fixed Effect No No No No

Observations 1,557,450 1,557,450 1,557,450 1,557,450

Adjusted R2 0.005 0.425 0.425 0.430
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Table 11: Evidence From Florida: Insurance Pricing around the guaranteed limit

The table presents results from the regression shown in Equation 6. The sample limits the one used
for Table 10 to policies with coverage limits between $250,000 and $350,000. The dependent variable
is the price of the policy (annual premium divided by the selected level of coverage measured in
thousand dollars). The independent variables are Policy Coverage Below Limit, an indicator for
whether the coverage is less than $300,000, the maximum covered by Florida’s Guaranty Fund; and
Fragile Insurer, an indicator for whether the policy’s insurer is rated by Demotech at some point
of the sample. The specification in column (1) includes no controls or fixed effects; in columns (2)
to (4) it includes ZIP code fixed effects; in columns (3) and (4) it includes credit score of the policy
holder at mortgage origination; in column (4) it includes policy year fixed effect. Standard errors
are clustered at the ZIP code level. * * p < 0.1; ** p < 0.05; *** p < 0.01.

Annual Premium/$1000 Coverage

(1) (2) (3) (4)

Fragile Insurer −0.858∗∗∗ −1.580∗∗∗ −1.581∗∗∗ −1.552∗∗∗

(0.109) (0.063) (0.063) (0.064)

Policy Coverage Below Limit 0.510∗∗∗ 0.558∗∗∗ 0.558∗∗∗ 0.571∗∗∗

(0.076) (0.053) (0.053) (0.053)

Fragile Insurer× Policy Coverage Below Limit −0.300∗∗∗ −0.177∗∗∗ −0.176∗∗∗ −0.183∗∗∗

(0.075) (0.053) (0.053) (0.053)

ZIP Fixed Effects No Yes Yes Yes

Credit Score No No Yes Yes

Policy Year Fixed Effect No No No Yes

Observations 365,025 365,025 365,025 365,025

Adjusted R2 0.006 0.475 0.475 0.480
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A. Additional Figures and Tables

Table A.1: Main Event Study

This table presents results from the event study shown in Equation 1. It is a modified version of the
results shown in Table 3, with alternative dependent variables. The dependent variable in columns
(1) and (3) is the log of total premiums (conditional on positive sale) written by insurer i in state
s in year t for insolvency event e. Columns (2) and (4) measure the extensive margin, an indicator
variable for whether the insurer sold at all in that state and year. The samples in columns (1)
and (3)/(2) and (4) correspond to columns (1)/ (2) of Table 3. Specifically, columns (1) and (2)
focus on insolvencies that do not affect the pre-funded NY state, while columns (3) and (4) focuses
only on insolvencies which affect NY state. All other variables and fixed effects are as outlined in
Table 3. * p < 0.1; ** p < 0.05; *** p < 0.01.

Log(Premiumist) Is exit? Log(Premiumist) Is exit?

(1) (2) (3) (4)

Post1te −0.047∗∗∗ 0.009∗∗∗ −0.013 0.001

(0.013) (0.003) (0.016) (0.003)

Post2te −0.053∗∗∗ 0.006∗ 0.007 0.001

(0.020) (0.004) (0.020) (0.004)

All affected states post-funded? Yes Yes No No

Insurer × State × Event FE Yes Yes Yes Yes

Insurer × Year Yes Yes Yes Yes

Observations 191,142 335,237 89,321 155,794

Adjusted R2 0.925 0.843 0.928 0.859
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Table A.2: Stacked DiD: External vs Internal Margin

This table presents results from the event study shown in Equation 2. It is a modified version
of the results shown in Table 4, with alternative dependent variables. The dependent variable in
columns (1) and (2) is the log of total premiums (conditional on positive sale) written by insurer
i in state s in year t for insolvency event e. Columns (3) and (4) measure the extensive margin,
an indicator variable for whether the insurer sold at all in that state and year. The results in
columns (1-3)/(4-6) correspond to columns (1-3) of Table 4. Specifically, columns (1) and (4) on all
insolvencies; columns (2) and (5) focus on insolvencies that do not affect the pre-funded NY state;
columns (3) and (6) focus only on insolvencies which affect NY state. All other variables and fixed
effects are as outlined in Table 4. * p < 0.1; ** p < 0.05; *** p < 0.01.

Log(Premiumiste) Is Exitiste

(1) (2) (3) (4) (5) (6)

Treatedise× Post1te −0.065∗∗∗ −0.096∗∗∗ −0.004 0.008∗∗∗ 0.012∗∗∗ 0.001

(0.012) (0.015) (0.016) (0.002) (0.003) (0.003)

Treatedise× Post2te −0.105∗∗∗ −0.153∗∗∗ −0.005 0.013∗∗∗ 0.019∗∗∗ 0.003

(0.022) (0.028) (0.022) (0.003) (0.005) (0.004)

All affected states post-funded? Either Yes No Either Yes No

Insurer × State × Event FE Yes Yes Yes Yes Yes Yes

Year × Event FE Yes Yes Yes Yes Yes Yes

Insurer × Year Yes Yes Yes Yes Yes Yes

Observations 2,863,748 2,497,666 319,518 4,845,841 4,200,285 572,710

Adjusted R2 0.925 0.925 0.923 0.848 0.847 0.856
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Table A.3: Climate vs Idiosyncratic Insolvencies: Stacked DiD, external and internal margin

This table presents results from the event study shown in Equation 2, where we split insolvency
by whether they are climate-driven and idiosyncratic. The dependent variable in columns (1-2)
is the log of total premiums (plus 1) written by insurer i in state s in year t for insolvency event
e. Columns (3-4) measure the intensive margin, log of premiums written conditional on positive
sale. Columns (5-6) measure the extensive margin, an indicator variable for whether the insurer
sold at all in that state and year. We use the main sample, limited to insolvencies that affect only
post-funded states. The sample in columns (1), (3) and (5) further limits the sample to climate-
driven insolvencies. In contrast, the sample in columns (2), (4) and (6) focuses on idiosyncratic
insolvencies. All other variables and fixed effects are as outlined in Table 4. * p < 0.1; ** p < 0.05;
*** p < 0.01.

Log(Premiumiste + 1) Log(Premiumiste) Is Exit?

(1) (2) (3) (4) (5) (6)

Treatedise× Post1te −0.317∗∗∗ −0.187∗∗∗ −0.121∗∗∗ −0.079∗∗∗ 0.018∗∗∗ 0.007∗∗

(0.035) (0.025) (0.022) (0.018) (0.004) (0.003)

Treatedise× Post2te −0.527∗∗∗ −0.361∗∗∗ −0.187∗∗∗ −0.130∗∗∗ 0.030∗∗∗ 0.010∗∗

(0.052) (0.038) (0.036) (0.029) (0.006) (0.004)

Climate insolvency? Yes No Yes No Yes No

Insurer × State × Event FE Yes Yes Yes Yes Yes Yes

Year × Event FE Yes Yes Yes Yes Yes Yes

Insurer × Year FE Yes Yes Yes Yes Yes Yes

Observations 1,493,682 2,706,603 876,048 1,621,618 1,493,682 2,706,603

Adjusted R2 0.897 0.903 0.922 0.925 0.843 0.848
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