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Abstract
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This paper examines the relationship of climate shocks impact on private climate insurance by a number of
econometric models. The least squares estimator produces biased estimates of such impacts because it ignores
time-invariant unobservable influences; the FD estimator has a similar drawback with a more parsimonious
modeling by using lagged dependent variables in first differences since the FD lagged are also endogenous. We
employed a two-stage GMM dynamic Arellano and Bond (1991) model with internal lagged instruments defined
in levels for endogenous FD lags. We applied these models to annual panel data sets of climate shocks of fire and
water disasters and insurance prices for the US states over 2003-2013. Our best estimates of climate effects
obtained from the dynamic panel model suggest the frequency of both water- and fire-based disaster events are
positively and significantly related to insurance premiums over the period. In most models, the correlation with
disaster incidence is strongest at the second lag, indicating that there is a reaction period after the occurrence of
disaster events before they are fully absorbed in insurance prices. The dynamic panel test for the null hypothesis
of second and third-order serial correlation, and that for weak instruments are both rejected. There is some
suggestive evidence from descriptive data that the positive empirical relationship between environmental disasters
and the price of climate insurance is likely to be driven by increasing volatility of climate shocks, lending support
to the concern that the growing impact of climate change will be accompanied by increasing insurance costs and

weaker private insurance coverage.
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Introduction

Anthropogenic climate change will significantly shift weather patterns across the globe for the centuries to come. !
This is anticipated to increase the frequency and intensity of certain weather-related hazards and to shift the
boundaries of exposed and vulnerable regions. At this point, even the most aggressive mitigation policies cannot
stop climate change; decades of excessive greenhouse gas (GHG) accumulation have ensured a sort of climate
change inertia, and even today’s most optimistic mitigation pathways would be consistent with increased damages
for decades to come.? Additionally, there are a number of potential tipping point approaching, which, if passed,
make a “return to normalcy” impossible.® With significant global climate change looming on the horizon, the

urgency of climate change adaptation strategies is becoming more evident.

Insurance programs may not initially spring to mind as instruments in the climate change adaptation toolkit, but
these institutions can be vital for sustainable adaptation. Their support is of critical importance.* Insurance
programs provide some amount of economic stability by spreading risk around a wide base of participants and by
efficiently distributing resources to those in most dire need. In an abundant society, single events need not bankrupt
individuals, households, or communities. As climate change alters the patterns of storms, droughts, floods,
wildfires, and so on, the reliance on insurance systems to manage risk and loss might become ever more necessary.
The climate change battle is one that demands collective action; this is very well-trodden ground when considering
the necessity of global GHG reduction, but it also applies in the case of risk management and recovery. Insurance
programs provides a mechanism for those latter cases; members of society pay into a pool of coverage that perhaps

only a subset might ever utilize. By its very nature, an insurance program is a collective solution to relatively acute

"' Cook et al. (2016) finds roughly 90-100 percent of publishing climate scientists agree that humans are, to a large degree,
causing climate change (referred to in the paper as global warming and anthropogenic global warming (AGW)). IPCC (2014)
lists the emissions of greenhouse gases (GHGs) carbon dioxide, methane, and nitrous oxide as primary causes of this climate
change.

2 The IPCC Fifth Working Group’s most aggressive mitigation pathway (RCP2.6) is consistent with increased global mean
surface temperatures between 0.3°C and 1.7°C and sea level rise 0.26 and 0.55 meters.

3 Oft-discussed climate tipping points include the melting of ice sheets, the thawing of permafrost, the dying off of coral reefs,
massive deforestation.

4 Insurance is accounted for as an adaptation strategy in the IPCC Fifth Working Group, as an economic option under the
“institutional” category.
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problems.> Risk is often further diluted when insurance companies themselves insure against large loss events in

the reinsurance market.

The utilization of insurance programs is likely to become more important yet more precarious as climate
change shifts the risk profiles of weather events and natural hazards. Increasing occurrence of hazards, such as
storms or wildfires, means a higher proportion of the population and a higher proportion of assets will be subject
to increased risk of damage or loss. In other words, more people and property will be getting hurt or damaged, and
insurance will face increased numbers of claims handled. Standard economic theory holds that an increase in the
demand for insurance should lead to an increased price (i.e., premiums) paid to insurance companies. On the other
hand, climate change damages might effectively act as a drop in income to the affected region, since, after covering
damages, households and businesses have less to spend on remaining goods. Were this to be the case, it is possible
to imagine a fall in demand which would counteract the upward price pressure. Covering damages while insured
is preferable to covering damages uninsured, but it can be seen as a drop in income either way. At the same time,
however, higher numbers of insurance payouts will likely increase costs for insurance businesses and cut into
profitability, thereby putting downward pressure on the supply of such policies and programs. An increase in
demand and a decrease in supply would tend to be consistent with increased prices, but it is possible that a widening

pool of policyholders would limit risk and allow lower average premiums.®

There is an extensive literature on the drivers of insurance premiums and of insurance participation (exposure).
This paper expands beyond some of the more typical socio-economic indicators to include climate-change-driven
disasters as a possible explanatory variable. In Beenstock, Dickinson, and Khajuria (1988) the price of insurance
(premiums) is increasing in income and the average probability of loss while ambiguously related to interest rates;
at the same time, exposure is positively related to income and ambiguously related to probability of loss and interest
rate. MacDonald, et al (1990) explore a hedonic model reflecting that housing price differentials between homes

subject to different levels of flood vulnerability might be related to insurance premium prices; if the differential in

3 The profit-maximizing nature of private insurance can lead to a whole host of problematic issues, which are not explored in
detail in this analysis. Businesses interested in minimizing costs might reject certain insurance claims, refuse coverage for certain
at-risk groups, etc. Perhaps regulation can minimize this, or government-run insurance offers a solution, see Discussion section
below.

¢ It should be pointed out that the “average premium” presented in insurance literature and throughout this research is the average
price paid by policyholders and does not include the $0 paid by those who have chosen to forego insurance. So, it is possible for
the average premium paid by policyholders to drop while the average price of insurance across all households increases if the
rate of participation increases. We will use the term average premium to refer to the average premium paid by a policy holder
(total statewide premiums divided by total number of policies in the state), while we will use per capita premium to refer to
premium as a proportion of state population (total statewide premiums divided by state population).
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home prices between a high-risk area and a low-risk area are less than the differential in insurance rates, it might
indicate that the housing market is not accurately assessing risk, and if housing price differentials are larger than
insurance premium differentials this might be accounted for by considering the noninsurable household elements
at risk of loss. Looking across countries, Browne, Chung, and Frees (2000) argue that barriers to trade that limit
foreign insurance engagement in domestic markets, lead to less insurance consumption; This builds on Kim (1992)
which relates the trade barriers rather directly to higher prices. Born and Viscusi (2006) find that while disasters
and “blockbuster catastrophes” may lead firms to raise premiums in the wake of large destructive events, they can

also lead insurers to exit the marketplace.

In this paper we follow a number of estimation approaches to modeling the impact of climate disasters on
insurance premium; in particular we employ the dynamic panel data model, a relatively unexplored estimator in
the climate disaster literature. We employ a 11-year panel data of insurance premium and climate shocks across
the 50 US states that provide an improved, or at least a different, empirical strategy to elucidate the relationship

between climate shocks and climate insurance prices.

Data

This study utilizes state level data for all the fifty US states, plus Washington, D.C. over the period 2003-2013; all
expressed in dollar year 2017 (USD). Average state-by-state insurance premiums (i.e., the average annual price for
property insurance coverage) are taken from an annual report published by the National Association of Insurance
Commissioners (NAIC): “Dwelling Fire, Homeowners Owner-Occupied, and Homeowners Tenant and
Condominium/Cooperative Unit Owner’s Insurance Report.” The dataset is extensive, with information available
on exposure, insurance premiums, and average premiums broken out by insurance range and by policy type. For
the purposes of the current analysis, we do not distinguish between property insurance classes, choosing instead to
focus on average insurance premiums for all policy classes. Data from the NAIC report have been used in analyses
pertaining to the economics of disasters in recent years’. The NAIC data affords estimates of insurance data for all
states, and its annual publication accounts for the evolution of state insurance markets annually. However, the data
have some limitations. Since insurance coverage norms vary greatly by state, policies that cover earthquakes are

not included in the data. Moreover, as insurance norms and regulations vary by state, there is some simplification

" For example, Klein (2011) considers inefficiencies in the residential property insurance markets that may lead to instances of
underinsurance. Thomas, et al (2017) use the data in measuring the costs of wildfires in the United States.



taken to group coverages into consistent categories; however, this factor should not be significant in our study as

we look at average premiums for all policies.

We employ data on types of climate disasters from the Federal Emergency Management Agency’s (FEMA)
“OpenFEMA Dataset: Disaster Declarations Summaries - v2”. The FEMA’s emergency declarations reflect cases
when an emergency event overwhelms state and/or local government capabilities, and additional support is needed.
The declaration follows a formazilized process whereby local leaders petition the aid of the federal government.
There are three categories of FEMA declarations: emergency declarations, major disaster declarations, and fire
management grants. Essentially, the major disaster declarations are used in response to events so damaging the
local governments are completely overwhelmed and long-term recovery efforts might be necessary, whereas an
emergency declaration is typically applied when local governments need more limited support and long-term
recovery should not be necessary. The fire management (also referenced as fire suppression) grant is a new
instrument aimed specifically at providing federal assistance to state and local governments handling fires; it is
primarily a cost sharing program and does not have the same network of programs as major disaster or emergency
declarations®. One of the drawbacks of FEMA declaration data usage, however, is the subjective nature through
which a disaster is declared. A disaster is not declared based on some consistent, objective measure, but rather as
a result of a petition and review process by local and federal leaders. In evaluating the period 2003 through 2013,
we are covering six years under the George W. Bush presidency and five under the Obama administration, and it
is reasonable to consider that the differences in political worldviews and the different administrators in positions

of power may influence the declaration process.

Data on median household incomes is taken from the U.S. Census Bureau’s Historical Income Tables (H-8: Median
Income by State). In using the median income, rather than a mean, we are limiting our focus to income movements
in the middle of the income distribution. We attempt to capture the relationship between income movements for
the typical household, however, in doing so we might be missing some of the dynamics at either end of the income
distribution. Often, those most vulnerable to disaster impacts are those households in more economically tenuous
circumstances. Further research might consider instead per capita incomes or incomes for lower quintiles, for

instance. Table 1 presents the descriptive statistics for the variables employed in this study. We note that the state

8 In addition, there are four programs through which disasters assistance is distributed: Individuals and Households (IH)
program, the Public Assistance (PA) program, and the Hazard Mitigation (HM) program. Each event is categorized as one of
four disaster types: major disaster, emergency declaration, fire management, and fire suppression. For the purposes of the
analysis here, we consider all disaster declaration types and all FEMA disaster programs.
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components of premium and income standard deviation account mainly for the aggregate while those for water and

fire shocks are somewhat lower than the time-series components.

Estimation models

The determination of the relationship between disaster occurrence and prices in the property insurance market
requires estimating a number of models of the relationship between climate shocks and insurance prices. We regress
insurance premiums on the lagged premium, water-related and fire-related disaster events, as well as income, for
the period 2003-2013. Data is available on a state-by-state basis, and as we are dealing with 50 states (plus the
District of Columbia), with 11 years of data, we consider a number of panel data and dynamic panel data models.
We find the occurence of both water- and fire-based disasters are positively and significantly related with insurance
premiums over the period, lending support to the concern that the growing impact of climate change will be
accompanied by increasing insurance costs. In most models, the correlation with disaster incidence is strongest
beginning at the second lag, indicating that there is a reaction period after the occurrence of disaster events before

they are fully accounted for in insurance prices.’

Econometric Models
Linear Ordinary Least Squares

The ordinary least square (OLS) model assumes constant slope coefficients across all observations and iid error
terms. The model is specified by stacking all data over i (cross-section) units and ¢ periods into a single regression

with N*T observations. This pooled OLS model is given by the equation

Yie = @+ xieff + Uy (1)

However, with a pooled OLS model, errors are likely to be serially correlated, though can be corrected by applying
robust corrected standard errors. A more significant drawback of this model is that it ignores individual-specific
effects such as instances wherein coefficients are affected by certain cross-sectional characteristic differences for
each observational unit. Even if the model does not exclude observable time-invariant variables, it is quite possible

that there are unobservable time-invariant effects that would end up grouped into the error term. If such

? Increasing climate disasters may price some households out of coverage, which (a) weakens the insurance system and (b)
leaves the general society more vulnerable to future climate events.
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unobservable cross-sectional effects exist, the least squares coefficient estimates would be inconsistent due to

omitted variable bias.
Panel Data Analysis

A more flexible model can account for change across observational units. The OLS between estimator is one
approach to obtaining such a change over i and f;, with time variables held constant. The between estimator,
however, would not resolve the inconsistency problem that is caused by unobserved time-invariant effects, while

the alternative of allowing £ to change over both i and t consumes too many degrees of freedom.

Allowing each observational unit to have a different or unique intercept, while keeping the slope coefficient
estimates constant across observational units is a parsimonious way to model the individual-specific effects;
preferable to a model of coefficient variables that change cross-sectionally but not across time. This is the

underlying concept of the fixed effect model.

Yie = & + xief + &t (2)

Here, the a; represent the random variables that capture unobserved heterogeneity. We note that the standard panel

data models are based on the assumption of strict heterogeneity, defined as:
Eleielap, xi1,.. ., xi7] = 0,6 =1,...,T (3)

This implies errors are assumed to have mean zero conditional on the past, current, and future values of explanatory

variables.

There are two processes frequently used to estimate equation (2) that control for time-invariant inconsistency. The
within estimator, also known as the fixed-effects estimator (FE), controls for time-invariant factors by an OLS
estimation using de-meaned variables, thus removing all cross-sectional differences. However, another model with
similar results that has gained greater attention is the first-difference estimator (FD). This model removes the time-
invariant variables by employing variables in first-differences. The two methods produce very similar estimates,
and since we later develop a dynamic panel data model employing the first-difference estimates, we confine the

analysis here to the FD estimator. A general representation of the FD estimator is given as:

Yit — Yit-1 = (xit _xl't—l)ﬁ + (Eit - git—l)'i = 11"'1th = 21""T (4)

Since FD estimator has fewer observations on its variables than FE estimators, it is less efficient if T > 2; in

practice, however, the outcomes tend to be similar. We note that with the panel data within-estimator,
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heteroskedasticity in individual errors is more important to correct at the cluster-level rather than across individuals,

that is, correction requires cluster-robust rather than standard robust methods.
Dynamic Panel

Standard (or static) panel data models do not reveal important dynamic features of datasets that evolve over time.
Lag values of dependent variables are determined by past covariates and typically display significant ability to
predict its behavior. Excluding such lags can result in inconsistency. This is the reason for the strong assumption
of strict heterogeneity in panel models. Removing the assumption of strict heterogeneity, through the inclusion of
lagged dependent variables, creates a different endogeneity concern - the serial correlation of error terms will
ensure correlation with lagged variables. However, consistency can be achieved in the case of weak exogeneity
through the use of lagged values as instruments that are contemporaneously uncorrelated with the error terms to
obtain consistent estimates. Dynamic panel data models encompass this category of models, assuming weak

exogeneity which precludes only the contemporaneous correlation of instruments and regressors.
Elzizu] =0,s<tt=1,...,T (5)

This makes that the current period error terms are uncorrelated with instruments defined in terms of the additional
lagged dependent variables. One approach in the literature, outlined in Anderson and Hsiao (1981), has employed
a single instrument for each endogenous variable using two-stage least squares (2SLS) estimators. This estimator
is based on a model with the first differenced endogenous variable, Ay;;_;, instrumented by y;;_,, since that second
lag is uncorrelated with Aeg;;_;, see Holtz-Eaiin 1988. A weakness of this model, however, is disregarding more
lagged dependent variable instruments, which can be employed to improve efficiency. An alternate estimator is
found in the over-identified case, when there are more instruments than endogenous variables, based in the general
method of moments (GMM) estimation that makes the variance-covariance matrix of error terms as small as
possible. Arellano and Bond (1991) offer a more efficient, GMM-based model, with endogenous lag-dependent
variables formulated in first differences, instrumented by the availability of a multiplicity of lagged-dependent
variables defined in levels, see also Ziliak (1997); MaCurdy (1981) for applications to labor market. This method
for this dynamic first-difference estimator is known as the two-step GMM,; it is given by:

iz = Yi2) =viz —yu) + B'Axiz + Avys

Via —¥i3) =vViz — Yi2) + B'Axiq + Avyy ©6)
ir = Yir-1)  =YWir-1 = Yir-2) + B'Axir + Avir

This model is dependent on the orthogonality condition (see Pesaran, 2015):



EWit-s,Agi) = 0;t # s (7)

An effective application of the Arellano-Bond estimators considers a number of other issues as well. First, the
model should be tested against the static FD model using the Hausman test. The strength of the Arellano-Bond

model depends on the extent of lag correlation. If the variance of the time invariant component of the error term is
2

large relative to the time-varying component (if % is large), or if the lag correlations are weak and close to a random
&

walk (if y = 1, then it can be shown that the levels y;; are only weakly related to the differences 4y;;), then the

Arellano-Bond estimator instruments are weak, and an alternative estimator should be employed'’. The Sargan

B

(1985) test based on the test statistic yZ,, = =

, discussed in Pesaran (2015), is designed to determine if Arellano-

Bond instruments are weak, that is, the estimator employes more orthogonality conditions than necessary. Another
important issue to consider is the dependency of the Arellano-Bond estimator on the assumption of serially
uncorrelated errors. Negative first-order serial correlation is trivial and expected for the A-B model''. However,
Arellano and Bond (1991) suggest that second order and higher serial correlation must be checked in order to
assure the exclusion of higher order lag structure in the model. This model excludes any test and control of time-
varying endogenous variables that are not the lagged dependent. However, the availability of internal instruments

does offer a method to address any such issue, again through the use of lagged level values as instruments.

Model Specifications
OLS Model of Disaster and Insurance

We regress insurance premiums on lagged values of (a) the number of water or storm related disasters, (b) the
number of fire related disasters, and (c¢) the median household income. In the pooled OLS model, all observations
are stacked and regressed with one common intercept, as well as common coefficient estimates. The OLS model

adopts the general format of equation (1) and is specified as:

prem; = a + Y.pwtr_s + YAfire;, g + Yyinci_s + pyear, + u;; (8)

101n such cases, Arellano and Bover (1995) and Blundell and Bond (1998) suggest employing differenced instruments used for

level endogenous variables as alternative estimators.

! Since the same instance of a (¢ — 1) dependent variable appears on both the left- and right hand side of the equation, in one
instance subtracting the t — 2 dependent variable and in the other being subtracted from the time t dependent, see (6) above.
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where prem;; represents the average insurance premium in state i at time t, wtr and fire quantify the number of
water-related and fire-related disaster impacts respectively, inc stands for the median household income at the state
level,and t = 1,...,11. The variable year; controls for influences on premium levels derived from the passage of
time. In general, we expect a positive relationship between premium price and disaster incidence. While there is
some literature considering insurance coverage as an inferior good, we generally expect a positive relationship

between premium and median income as well.
Panel Model of Disaster and Insurance

In order to account for any unobserved heterogeneity in the model, we run a fixed effect model with first difference
estimators, based on equation (4). The entire model is expressed in first-differences (save the year variable). The

best specified model which captures the significant lag structure in first differences is given by:

premy —prem;_, = (Wtry_p —wtry_3)B1 + (fireg_, — firei_3)B;
+(firei—3 — firey_4)Bs + (firey_s — fire_s)pBs
+(incye—, — inci_3)Bs + ¢pyear;
+(€it - Sit—l)li = 1,...,N,t = 2,,11

)

Dynamic Panel Model of Disaster and Insurance

Finally, we specify the Arellano-Bond model (equation (6); we note the model and its lag structure are entirely in
first differences, while instruments are in lagged levels, hence the first instrument becomes available in period t =
3, and each further period provides an additional instrument.
(prem;z —prem;;) = y(prem;; —premy) + f'Ax;z + pAyears + Avys
(premM - premi3) = )/(premB - premiZ) + IBIAxM + ¢Ayea7”4 + Avi4 (10)

(prem;r — premir_1) = y(premyr_, —premyr_;) + B'Ax;r + pAyearr + Av;r
where

B'Axiy = (Wtrje_p — witry_3)py + (firey—, — firey_3)f>
+(firey—3 — firej—4)Pz + (firey—o — fire;_s)Pa
+(incit— — incie—3)Ps

We note that we restrict the maximum number of level instruments for the autoregressive term in (10) to 5 in order
to limit efficiency loss due to a large number of instruments available from this model. We estimate equation (10)
three ways: first considering both water and fire disasters, then considering fire disasters alone, and finally

considering water disasters alone.
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An issue arises in the Arellano-Bond model when considering the potential feedback effects of climate change on
the various variables in the model. Climate change might be expected to be correlated with shocks to disaster
incidence, income, and any number of unobserved variables in the error term. As such, the current period error
term may be correlated with future values of the explanatory variables; this represents a major endogeneity issue.
The problem, however, can be corrected for through the use of further lagged levels as instrumental variables. In
addition to the primary models which consider the variables exogenous, we estimated a number of specifications
with disasters and/or income considered endogenous or predetermined; the exogenous model provided the best fit.
Further, were there any endogeneity issues pertaining to disaster incidence and/or income, it would have
theoretically persisted through the years. The fact that the model does not exhibit any higher-level serial correlation
gives us confidence that the exogenous specification is appropriate. In any and all cases, applying instrumental
variables, the number of instruments should be limited since, given potentially a large pool of instruments,

increased utilization of the number of instruments decreases the degrees of freedom and affects efficiency.

Empirical Results

We analyze the relationship between climate-related disasters and insurance prices, first for the entire United States
(fifty states, plus the District of Columbia); then confine the analysis to coastal states only: those most vulnerable
to the effects of climate change (particularly water and storm related events). The panel data set is balanced, with
disaster, income, and insurance premium data available for all states over the entire eleven years 2003-2013. For
both data sets, a pooled OLS model was considered, followed by a first-difference model to account for cross-
sectional heterogeneity, and finally three closely related Arellano-Bond dynamic panel models - one considering
both fire and water related disasters, the second considering fire alone, and the third considering water alone - are
run. We present the estimates for these models in Table 2 for all 50 states and Table 3 for the data set limited to

coastal states; columns 6 and 7 are examined in the next section.

We find that water-related and fire-related disasters are positively and significantly correlated with
increased insurance premiums. The pooled OLS (8) estimates of all 50 states and D.C. are given in the first column
of Table 2; they are notably larger than the estimates derived from panel and dynamic panel models discussed
below. These oversized estimates reflect the omitted variable bias inherent when cross sectional heterogeneity of

states is not accounted for.

Our panel model for all states is given in the second column of Table 2. Here the first-difference estimator (9)

is used to control for any time invariant factors, which would weed out the omitted variable bias that is caused by
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cross sectional factors. The third lag of the first-difference variable is not significant for fire-related disasters, but

generally all other disaster-related explanatory variables are statistically significant.

The Arellano-Bond estimates, considering all states, are given in columns 3 through 5 of Table 2. The estimates
in column 3 reflect the A-B model with all explanatory variables considered strictly exogenous, looking at both
fire and water related disaster shocks, column 4 considers only fire disaster shocks, and column 5 considers only
water-related disaster shocks. In all three of these specifications, all disaster-related explanatory variables are
positively correlated with premiums; all are significant other than the 4th lag of the fire disaster in the jointly-

specified model of column 3.

Columns 1-7 of Table 3 present the same regression estimates, however in this case the analysis is confined to
states that share a border with either the Atlantic or Pacific Ocean. Of the fifty states (plus D.C.), only 23 are coastal
states. There 1s reason to believe coastal states are particularly vulnerable to climate change impacts. Rising sea
level, and the increased frequency and intensity of storms threaten increasing damage to communities in coastal
areas. However, there are a number of confounding factors that make the relationship less clear. For instance,
coastal areas might be high demand residential areas or they might be heavily trafficked commercial ways, and in
either case it could be the case that increased infrastructure offers some amount of adaptive capacity that absorbs
a part of the changing climate shocks. In any case, generally the relationships are similar in the coastal states to the

full set of states, but the level of significance is much lower.

The serial correlation estimates in Table 4 report the Arellano-Bond test for serial correlation in first-
differenced errors. Failure to reject the null hypothesis of no serial correlation is trivial and expected for the first
order; failure to Reject the null hypothesis of no serial correlation in any higher order reflects model
misspecification. In all models, we reject the null hypothesis for first order serial correlation, but we are unable to
reject the null for higher orders; hence, there is no evidence of second and third order serial correlation. We also
report the Sargan test of over-identifying restrictions. The null hypothesis is that the over-identifying restrictions
are valid, thus a rejection of the null indicates that the model or instrumental variables used may need to be
respecified!'?. The test results would indicate the model is appropriately specified and the instruments used are

valid"?.

12 The Sargan test is appropriate with robust standard errors are used since the test assumes a homoscedastic distribution of
errors; we therefore respecify the models, minus robust errors for the explicit purpose of carrying out the Sargan test.

13 Arellano and Bond (1991) note that the Sargan test over-rejects in the presence of heteroskedasticity. However, the
conditional nature of this test should be emphasized.
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Discussion

What are the public policy implications for the robust evidence of the climate shock effects on demand for private
insurance presented above? Are frequency and magnitude of climate shocks driving the price of private insurance
coverage out of reach for those most vulnerable to their adverse effects? There are at least three issues in the above
analysis that stand out as most relevant to climate public policy insurance. First, the impact of increased climate
insurance demand derives simply from wealthy consumers who chose to purchase property in desirable but prone
to disaster zones. To address this question, we re-estimated the third column of Tables 2 and 3 excluding the most
expensive properties from the sample. We employ two thresholds for this purpose, properties above $500,000 and
those above $400,000. Since the results are very similar, we report only the former in column 6. A comparison of
the estimates in both tables indicates a minor impact on climate insurance demand since the columns 3 and 6

estimates are quite similar with minor differences.

Second, the principal question is the impact the frequency and severity of climate shocks on climate
insurance price. One way to quantify such an impact is counterfactually by assuming the shock effects remain
unchanged over the sample period, that is we employ only the first year of the sample observations on climate
shocks to estimate a restricted model. Then the predicted mean difference of the dependent variable between this
regression and that obtained from the main model of column 3 is 1.12 % (the difference between the predicted
values of $994 for column 3 and $983 for Column 7); this difference is too small to be credible, given the magnitude
and scope of climate shocks in the United States, particularly more recently. The reason is that the expected value
of the dependent variable in column 3 is taken over the sample time span that sharply changes from high to low
mean values in years of severe disaster events and years of mild events, bringing the mean insurance premium

price over the sample time-span close to that in the first year of the sample'.

This points to the volatility impact of climate shocks on the pattern of change in the mean values of climate
insurance demand. Table 5, top three rows, reports the increases in the variances of the frequencies of climate
shocks over the earlier part of the sample time-span (2003-2007) and that of the latter part (2008-2013) are 77%
for fire, 27% for water, and 88% for variance difference of fire and water. This suggest changes in insurance
premium price is more severely influenced by unpredictable volatility of climate shocks; the insurance cost is

driven more by change in its variance than its mean. Given data of sufficient duration the volatility of analysis

4 For instance, the first sample descriptive mean for 2003 is 111 while those for the last three years 2011-2013 are
respectively 232, 89 and 63.
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would be an obvious approach to employ for the quantification of climate shocks'>. With an 11-year sample, this
option is not available to us that typically requires a sample of minimum of 250. However, the longest time-series
of premium unit price available covers a 25-year period from 1993 to 2018; shown in table 5, bottom three rows.
Some related descriptive data from this longer series is suggestive. To that end, we have divided the 25-year period
data into five groups, each with five observations to obtain group mean and variance of climate shocks. This offers
us five values of mean premium unit price and five corresponding climate shocks mean and variance values. To
obtain sharper results from the states that have experienced the largest increase in the frequency of climate shocks
by selected by the nine states that had experienced the highest frequency of shocks (by 103%) in both in the earliest
1993 and the latest 2018 year. Table 6 shows the correlation between logarithm of five mean premium values and
logarithm of five mean and variance values for the frequencies of the shocks; since price data is not separately

reported by types of climate shocks, we report the correlation for fire and water shocks combined.

First, the log mean premium price increases monotonically over 1993-2018; we note that prices are in log
terms; hence the values indicate significant upward rise in price levels over the 1993-2018. What explains this
pattern, is the pattern mainly linked to the mean frequency of the climate shocks or its variance? The correlation
between log of mean unit price and log of mean shocks frequencies, though positive as expected, is at just below
50%, rather mild. By contrast, the correlation between log of price increase and variance of log of frequency shocks
is positively strong, and not far below 70%. This suggests that climate insurance price increase would likely be
shown to be driven mainly by the volatility of climate disaster shocks if we were able to carry out a time-series

volatility analysis.

The insurers cover potential loss against unpredictable climate shocks risk by raising prices, and that would
gradually drain the effectiveness of the scheme to a point of no adaptive capacity. Therefore, a complementary
public scheme is likely to play a crucial role as an adaptive climate insurance tool. This brings us to the final issue,
a public insurance for climate disaster. In this regard, it is helpful look briefly at the assessment of a well-known
public insurance scheme for climate disaster that has performed effectively as disincentive for high value property
climate insurance and in supporting low income climate disaster victims. The development of such a broader
insurance plan might draw inspiration from, or might even directly evolve out of, the National Flood Insurance

Program (NFIP) that accounts for local hazard profiles. Browne, et al (2018) find that increased participation in

15 Volatility analysis employs the GARCH-in-mean model to define the return on an asset as a function of its risk by having the
variance of the series as an explanatory variable; we also note that a volatile series displays not only periods of high and
changing variances but also clustering, that is, changing variances in those periods occur tightly close to each other, see
Koohi-Kamali (2021, chapter 10).
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the NFIP program across Florida is positively correlated with housing permits in non-coastal counties and
negatively correlated with building permits in coastal (high-risk) counties, hence imposing additional costs on
building in high-risk areas. Aerts and Botzen (2011) also confirm the NFIP flood insurance, flood zoning, and
building code policies are effective tools for managing the vulnerability of land use to floods. Kousky (2018) points
out that the private flood insurance market has historically been very small, the number of private policies is still
dwarfed by the 5 million NFIP policies that provided climate insurance cover to low-income households. Most
private flood insurance focuses on high-value homes; these structures have higher premiums, and are more likely
to combine flood and home owner coverage in the same carrier. Hence, it is unclear how much appetite the private
sector has to take on more flood risk; there is an argument for a public sector role in helping low-income families
afford flood coverage. However, Kousky (2018) notes that the NFIP has amassed a huge amount of debt, over $20
billion as of early 2018, with no way to repay this debt in the foreseeable future. The program has always had
borrowing authority from the U.S. Treasury, but no consideration was given to how this would be repaid following

a catastrophic loss year. Hence, capitalization by the US Congress seems an obvious solution to its indebtedness.

Conclusion

We are beginning to experience some of the earlier impacts of global climate change, and the worse is yet to come.
Mitigation effort is of the utmost importance for achieving any sort of sustainable future pathways, however

adaptation effort is needed in the immediate and near term to address those impacts closest at hand.

In this paper, we examined the relationship of climate shocks impact on private climate insurance by a
number of models. The least squares estimator produces biased estimates of such impacts because it ignores time-
invariant unobservable influences; the FD estimator has a similar drawback with a more parsimonious modeling
by using lagged dependent variables in first differences since the FD lagged are also endogenous. We also
employed a two-stage GMM A-B model with internal lagged instruments defined in levels. We applied these
models to panels of the US states over 2003-2013. We regard the estimates of climate effects from that the A-B
model as our best and they suggest the frequency of both water- and fire-based disaster events are positively and
significantly related with insurance premiums over the period. In most models, the correlation with disaster
incidence is strongest beginning at the second lag, indicating that there is a reaction period after the occurrence of
disaster events before they are fully accounted for in insurance prices. We tested our dynamic model estimates for
second and third order serial correlation; also tested by the Sargan method for weak instruments. The tests reject

the null hypothesis in both cases.
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There is some suggestive evidence from descriptive data that the positive empirical relationship between
environmental disasters and the price of climate insurance is likely to be driven by increasing volatility of climate
shocks based on a high correlation of insurance prices with the variance of the shocks. This lends support to the
concern that the growing impact of climate change will be accompanied by increasing insurance costs; public
options should play a bigger role in the provision of climate disaster insurance cover to overcome the diminishing

ability of private adoptive schemes.

Table 1- Descriptive Statistics 2003-2013, sample size 561 (51 states by 11 years)

Variable Mean Std. Dev. Min Max
Prem Overall 951.83 261.13 456.53 2,246.280
Between 244 .32 557.81 1,699.404
Within 97.79 336.82 1,498.711
Witr Overall 1.48 1.47 0.00 9.000
Between 0.71 0.27 3.091
Within 1.30 -1.61 7.390
Fire Overall 0.99 3.72 0.00 57.000
Between 2.25 0.00 10.818
Within 2.97 -9.83 47.171
Income Overall 57,352.49 8,801.25 34,026.41 82,751.100
Between 8,425.09 41,695.57 74,318.210

Within 2,783.44 48,458.20 68,527.300




Table 2— Estimate Results, All States (reported with t-statistic)
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Variable 1) 2 ) 4) (35 (6) (7)
Water (level), lag 2 yr 35.647042%**
3.87
Water (FD), lag 2 yr 3.0083361** 5.8879112** 5.130687** 4.15333**
2.43 2.62 2.13 1.91
Fire (level), lag 2 yr 12.135086***
4.48
Fire (level), lag 3 yr 3.4843661
0.75
Fire (level), lag 4 yr 1.4823459
0.28
Fire (FD), lag 2 yr 1.8545144**x* 2.4631967** 2.2641182*%* 2.210858**
3.66 2.52 2.44 2.61
Fire (FD), lag 3 yr 1.5712862 1.5548603* 2.1753433%*%* 1.891641**
1.37 1.74 3.03 2.13
Fire (FD), lag 4 yr 2.4289783*** 2.8904749* 3.4991834** 2.866617*
3.67 1.50 1.95 1.72
Income (level), lag 2 yr -.00502776%***
-3.15
Income (FD), lag 2 yr 0.00198562** 0.00291534** 0.00238243** 0.00083942 0.0027431** 0.00130973
2.30 2.62 2.03 0.75 2.73 0.89
Year control 0.59417641*** 8.2866489*** 17.965413*** 17.861091*** 9.13054*** 15.16855%** 13.060961***
11.65 6.24 6.71 6.03 5.08 7.11 4.97
Premium , lag 1 yr 0.60903846*** 0.60724818*** 0.78442451*** 0.6603635%** 0.69981757***
5.30 4.76 6.32 6.32 4.35
constant -16630.747***

-6.23
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Notes to Table 2:

Column 1: Pooled OLS regression (equation 8), for all 50 states plus D.C.
Column 2: Panel Data Analysis, First Difference Estimator (equation 9), for all 50 states plus D.C.

Column 3: Dynamic Panel Analysis, twostep Arellano-Bond estimator (equation 10) for both disaster categories, all 50 states plus D.C.
Assumes strict exogeneity of all explanatory variables, includes one lag of the dependent variable (45 instruments used; restricted to 5 for
autoregressive premium term).

Column 4: Dynamic Panel Analysis, twostep Arellano-Bond estimator (equation 10) for fire disasters solely, all 50 states plus D.C. Assumes
strict exogeneity of all explanatory variables, includes one lag of the dependent variable (44 instruments used; restricted to 5 for
autoregressive premium term).

Column 5: Dynamic Panel Analysis, twostep Arellano-Bond estimator (equation 10) for water disasters solely, all 50 states plus D.C.
Assumes strict exogeneity of all explanatory variables, includes one lag of the dependent variable (47 instruments used; restricted to 5 for
autoregressive premium term).

Column 6: Dynamic Panel Analysis, same specification as Column 3. Dependent variable excludes insurance premiums for properties valued
$500,000 or more.

Column 7: Dynamic Panel Analysis, same specification as Column 3. Year one disasters held constant for all time periods. This leads to a
change in the mean of the dependent variable of 1.12 percent (from $994 to $983)

*Significant at 10%,** Significant at 5%,*** Significant at 1%



Table 3— Estimate Results, Coastal States (t-statistic in brackets)
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Variable (1) (2) (3) (4) (5) (6) (7)
Water (level), lag 2 30.516617*
1.83
Water (FD), lag 2 3.5507544* 8.1678572** 7.4717224%* 6.1596019
1.42 2.28 1.87 1.48
Fire (level), lag 2 9.0886656***
3.19
Fire (level), lag 3 3.9799749
0.90
Fire (level), lag 4 -1.8462142
-0.30
Fire (FD), lag 2 1.6982519%** 0.9278314 1.1978143%* 1.0487687
3.05 0.71 1.66 1.01
Fire (FD), lag 3 1.840412* 1.0059762 1.1403103 0.77185729
1.68 0.71 1.15 0.52
Fire (FD), lag 4 1.9901918*** 0.33235182 3.0639236 2.9939487
3.03 0.09 1.29 0.86
Income (level), lag 2 -0.0118***
-5.78
Income (FD), lag 2 0.00120709 0.00339325* 0.00149542 -0.00036987 0.0029388* 0.00023654
1.03 1.64 0.92 -0.25 1.95 0.13
Year control 0.87228428*** 6.2473772%** 18.046618*** 18.081164*** 8.679616%** 15.143685%** 10.26949%**
11.69 3.78 7.32 6.36 3.02 5.15 3.66
Premium , lag 1 yr 0.59769622*** 0.52687902*** 0.71842904*** 0.60018136%*** 0.64495393***
8.39 8.11 6.34 5.96 4.49

Constant

-12531.844***
-3.78
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Notes to Table 3:

Column 1: Pooled OLS regression (equation 8), for ocean-bordering states. with robust standard errors.
Column 2: Panel Data Analysis, First Difference Estimator (equation 9), for ocean-bordering states, with robust standard errors.

Column 3: Dynamic Panel Analysis, two-step Arellano-Bond estimator (equation 10) for both disaster categories, for ocean-bordering states.
Assumes strict exogeneity of all explanatory variables, includes one lag of the dependent variable (45 instruments used; restricted to 5 for
autoregressive premium term).

Column 4: Dynamic Panel Analysis, two-step Arellano-Bond estimator (equation 10) for fire disasters solely, for ocean-bordering states.
Assumes strict exogeneity of all explanatory variables, includes one lag of the dependent variable (44 instruments used; restricted to 5 for
autoregressive premium term).

Column 5: Dynamic Panel Analysis, two-step Arellano-Bond estimator (equation 10) for water disasters solely, for ocean-bordering states.
Assumes strict exogeneity of all explanatory variables, includes one lag of the dependent variable (47 instruments used; restricted to 5 for
autoregressive premium term).

Column 6: Dynamic Panel Analysis, same specification as Column 3. Dependent variable excludes insurance premiums for properties valued
$500,000 or more.

Column 7: Dynamic Panel Analysis, same specification as Column 3. Year one disasters held constant for all time periods. This leads to a
change in the mean of the dependent variable of 1.03 percent (from $1093 to $1081)

*Significant at 10%, ** Significant at 5%, *** Significant at 1%



Table 4— Summary of Serial Correlation & Weak Instrument Test Statistics,

3) 4) o)
First Order Serial Correlation -2.2547 -2.0992 -2.4188
Prob > z 0.0242 0.0358 0.0156
Second Order Serial Correlation -0.14495 -0.33946 -1.4792
Prob > z 0.8847 0.7343 0.1391
Third Order Serial Correlation -0.78395 -0.75311 -0.75016
Prob > z 0.4331 0.4514 0.4532
Sargan* 46.34668 47.38876 49.44725
Prob > chi2 0.016 0.0125 0.0328
®) ®) (10)
First Order Serial Correlation -1.9185 -1.7522 -2.0132
Prob > z 0.055 0.0797 0.0441
Second Order Serial Correlation -0.38653 -0.43225 -0.87338
Prob > z 0.6991 0.6656 0.3825
Third Order Serial Correlation -0.82479 -0.90939 -0.81872
Prob > z 0.4095 0.3631 0.4129
Sargan 20.03689 21.2079 22.6530
Prob > chi2 0.8631 0.8166 09121

21
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Table 5— Mean and Variance of climate shock frequencies 2003-2013, and 1993-2018

Variance

Year Fire Water Combined
2003-2007 9.723 1.899 10.493
2008-2013 17.243 2.408 19.279
Pet Changlz of 2003- 77.30% 26.80% 83.70%
1993-2006 16.572 8.700 26.534
2007-2018 22.740 8.024 53.509

Pet Cha’;%el gf 1993- 37.22% “177% 101.66%

Table 6-Correlation Coefficient of log Mean Premium Unit price and log Mean and Variance Climate Disasters,

1993-2018

In Prem Variance of Disaster Disaster

n_tfermum Premium Number Variance
1993-
1998 6.54 513 139 0.92
1999-
2003 6.65 809 2.84 331
2004-
2008 6.86 4.9 3.23 3.52
2009-
2013 6.98 783 2.87 4.30
2014-
2018 7.10 584 2.47 3.20

correlation with In Premium 0.499 0.691

Notes: Correlation of disaster mean and variance to the log of 5-year insurance premium (unit) prices is calculated using five
five-year periods. The selected subset of states comprised of Alaska, Arizona, Georgia, Kansas, Louisiana, Mississippi,
Nevada, New Mexico, and South Carolina. These states have experienced the largest increase in the number of climate
disaster between 1993 and 2018.
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