
ABSTRACT

CHEN, XUAN. Three Essays on Risks of Natural Disasters in the U.S. Forest Sector.
(Under the direction of Barry Goodwin.)

The U.S. forest sector faces various kinds of natural disaster risks. Three of them

are evaluated in this paper, including wildfire risks, southern pine beetle and lightning

fire ignitions. In the first essay, wildfire risks are assessed. Wildfire is one of the leading

causes of damage and economic losses. While individual wildfire behavior is well studied,

new literature on broad–scale (e.g. county–level) wildfire risks is emerging. My paper

studies wildfire risks, conditioning on crucial informational variables, across both spa-

tial units and time periods. Several statistical models are used to quantify the risks. I

develop several maximum likelihood estimation methods to account for spatio–temporal

autocorrelation in conditional risks. A group index insurance scheme is proposed and its

associated actuarially fair premium rates are estimated and presented. Implications for

wildfire management policies are also discussed.

In the second essay, the risks associated with southern pine beetle (SPB) are evalu-

ated, which are among the leading factors killing timber in the southern U.S.. In light of

the spatio–temporal autocorrelation in SPB outbreaks (Mawby and Gold, 1984), I apply

a spatio–temporal block bootstrapping method. This approach is motivated by overlap-

ping block bootstrapping methods developed in the autoregressive time series scenario

(Kunsch, 1989) and the dependent spatial data scenario (Hall, 1985). Compared with

conventional methods that built spatio–temporal dependence of SPB risks into struc-

tural models (Gumpertz, Pye et al., 2000; Gan, 2004; Zhu, Huang, and Wu, 2005), a

block bootstrapping method has several advantages. The bootstrapping method doesn’t

require a weight matrix which has a specific, analytic structure that needs to be prede-



termined and carefully defined to guarantee identifiability. Also the block bootstrapping

method can circumvent complications and strong assumptions associated with maximum

likelihood estimation. It is found that both vegetation structures and climate factors play

a significant role in SPB outbreaks. Further, a county–level group index insurance plan

is proposed and associated actuarially fair premium rates are estimated. Given the fact

that no compensation scheme for SPB epidemics currently exists, this insurance product

will help lessen forest owners’ losses if such an insurance market emerges in the future.

In the third essay, natural wildfire ignitions caused by lightning are assessed. Unlike

human related wildfires for which timber owners may be able to trace the responsible

persons to claim losses, forestland owners essentially have no means to recover their losses

against lightning–induced wildfire. In light of the fact that there are very few risk man-

agement instruments available to compensate timber losses, our paper studies risks of

lightning induced wildfire. Both linear models and count models are used to quantify

the risks. Block bootstrapping methods are also applied. Some relevant observable vari-

ables, such as environmental and climatic factors, are found to be statistically significant

factors related to lightning wildfire risks. A group index insurance scheme is designed

and its associated actuarially fair premium rates are calculated. Implications for forest

management policies against natural wildfire risks are also discussed.
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Introduction

The forest sector plays an important role in the U.S.. On the supply side, the U.S. has

millions of acres of forestland which comprise a significant portion of total land (i.e. above

30%). The U.S. is also the world’s largest producer for timber products. On the demand

side, thousands of tons of timber products are consumed every day. At the same time, the

forest products industries employ millions of workers every year. However, natural disas-

ters such as wildfire and southern pine beetle have significant economic impacts on the

U.S. timber industry. As the associated losses are usually spatio–temporally correlated,

proper econometric models to represent and analyze such characteristics are of great

need. In this study, I utilize several spatio–temporal models from different classes. First,

autoregressive linear models with contemporaneous spatial dependence are proposed.

Second, zero–inflated count models using block bootstrapping methods are adopted. The

results using these models are carefully examined. It shows that these spatio–temporal

models perform adequately well in this study.

The main motivation of this study is the fact that there are very few financial in-

struments available to timber owners to compensate their losses caused by unexpected

disasters. The most common tool is the income tax deductions based upon claims for un-

expected losses caused by disasters. Another popular assistance available is disaster relief

which operates in an ad hoc fashion. Other assistances include non–monetary aid such as

clothing and housing from government agencies and American Red Cross. However, a tax

deduction can only reduce tax burden, and disaster relief is only granted after extreme

disasters. Most losses that timber owners experience cannot be recovered. Therefore, I

propose several timber insurance plans to accommodate different natural disaster risks

respectively.
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The leading cause of timber losses in most states is wildfire. To evaluate spatially and

temporally correlated wildfire risks, chapter 1 focuses on the state of Florida. The wild-

fire data set between 1981–2005 is used. Many underlying factors associated with wildfire

risks, such as vegetation types, climate and socioeconomic conditions, are assessed. Al-

most all of them are found to have significant impacts. To analyze the spatio–temporal

features of wildfire risks, two autoregressive models are developed. Unlike conventional

models which can only account for lagged spatial decadence, the new models can model

and estimate the contemporaneous spatial decadence in order to better control the spa-

tial autocorrelation among residuals. Therefore, wildfire risks at the county–level are

quantified. Further, a county–level index insurance plan based on wildfire burnt ratio is

proposed. All the insured will receive a pre–determined indemnity in an affected county

in the event that the realized index exceeds a pre–specified level. The actuarially fair

premiums are estimated and the viability of the insurance programs are verified.

In the Southern U.S., southern pine beetle (SPB) is one of the most significant pests

leading to timber losses. Although a lot of scholars have already investigated SPB risks,

the broadscale (i.e. county–level) frequencies of SPB outbreaks have never been studied.

The second chapter presents a new study on broadscale SPB frequencies. The timber

losses are strictly related to the intensities of SPB outbreaks, i.e. an epidemic costs much

more than an endemic infestation. Thus this study provides a novel perspective to analyze

SPB risks. To recognize the fact that SPB risks are spatio–temporally correlated, a block–

bootstrapping method is applied to control for the spatio–temporal autocorrelation. The

county–level frequencies of SPB outbreaks are assessed and forecasted. Further, an index

insurance plan is proposed as a viable financial instrument to hedge the SPB risks. The

index is set to be the annual county–level frequency of SPB outbreaks. If the observed SPB

outbreaks qualify as an epidemic, all the timber owners who have purchased insurance will

2



be compensated. Therefore, southern timber farmers can be better positioned to protect

their valuable pine properties. In the end, since factors such as climate and tree species

are found to be significant, suggestions for SPB pest control and forest management are

discussed.

Among all the wildfires, natural (lightning–induced) wildfires cause most damage to

timber properties. However, there is no private payment market to help timber own-

ers to recover such losses. To accommodate this issue, in the third chapter, an single–

peril index insurance plan solely based upon lightning–induced wildfire outbreaks is pro-

posed. Particularly, several spatio–temporal models (i.e. linear autoregressive model and

block bootstrapping method) are applied to empirically analyze the broadscale risks of

lightning–induced wildfire at the county level. To differ from chapter 1, chapter 3 only

focuses on natural (lightning) wildfire risks. In addition, the dependent variable is the

frequency of lightning wildfire ignitions while the response in the first chapter is the burnt

ratio. Unlike in chapter 1 the observations of the dependent variable are all positive, the

natural wildfire frequencies in chapter 3 are integers with excessive zeros. Therefore, in

the third chapter the zero–inflated count models are applied and perform better than the

linear models.

3



Chapter 1

Is Timber Insurable? A Study of

Wildfire Risks in the U.S. Forest

Sector Using Spatio–Temporal

Models

1.1 Introduction

The U.S. timber products sector is the world’s largest,1 producing 24% of the world’s

total from 2000 to 2010, and consuming 23% of the world’s total (Department of Com-

merce, 2012). A large timber industry is based on natural and planted forests covering

one–third of the U.S. landscape. Fifty–seven percent of all U.S. production is based on

timber harvested from southern U.S. forests (Smith et al., 2010, p. 278–282). Large seg-

ments of these forests are prone to damaging wildfires (Malamud et al., 2005). Hence

1In both market value and volume (cubic meters and tons)
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land owners and managers take steps to reduce expected damages by preventing fire oc-

currence (Prestemon et al., 2010) by managing fuels so that they burn less intensely and

less frequently (Cleaves et al., 2000) and suppressing fires when they threaten important

values. The USDA Forest Service and the Department of the Interior spent a combined

average of $1.4 billion/year from 2000 to 2011 in inflation–adjusted 2011 dollars (USDA

Forest Service, 2011; Department of the Interior, 2012) on mitigating losses through tim-

ber salvage (Prestemon et al., 2006). However, limited efforts are expended to provide

private landowners with financial instruments that mitigate expected losses from wild-

fires. This is surprising, given their potential to help alleviate some private losses (e.g.,

Butry et al. 2001, Kent et al. 2003).

Following wildfires, private landowners and other affected residents are usually as-

sisted in an ad hoc fashion, typically by both government and non–governmental orga-

nizations. Often, non–profit organizations extend aid that addresses personal needs. For

example, the American Red Cross offers immediate aid to victims after large wildfires,

providing temporary housing, clothing, and food for those directly affected by property

losses and fire–related evacuations. Other local non–profit programs, such as the Georgia

Wildfire Relief Fund (State of Georgia, 2008), provide assistance to affected residents and

engage in local ecosystem restoration over the long term.

Government assistance after wildfires is typically in the form of tax credits and

government–subsidized low–interest loans. For example, southern California suffered from

large wildfires in 2007 and 2008. In 2007, the Internal Revenue Service (IRS) granted tax

relief for Southern California wildfire victims (Internal Revenue Service, 2007). After the

2008 wildfire season, both the IRS and the California state government granted tax re-

lief for affected business owners in Southern California (Internal Revenue Service, 2008;

State of California, 2008). Often, assistance from the government requires that a wild-
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fire be large and particularly damaging. When juxtaposed with the reality that most

fires are small, a significant number of landowners affected by wildfire are not included

in coordinated federal or state actions to aid victims. As a result, on most occasions,

forest landowners have no effective compensatory (public or private) risk management

instruments.2

Economic theory suggests that the most efficient form of disaster assistance directed

at private property owners would be through an instrument that acts to internalize risks.

When losses are externalized, through disaster assistance paid for by governments or

non–profit organizations, property owners may underinvest in risk mitigation, thereby

distorting production and consumption choices. Insurance arrangements help to inter-

nalize at least the property loss effects of natural disasters such as wildfires, thereby

alleviating some distortions (Goodwin and Vado, 2007).

Real–world experience with forest insurance has a mixed record. In the U.S., a very

limited number of timber insurance programs against multiple perils are available in the

private market. Examples include the Davis–Garvin Agency’s standing timber insurance

and the Outdoor Underwriters’ standing timber insurance. These two programs offer all–

risk insurance policies on a case by case basis in a few small regional markets. However,

the overall nationwide forest landowners’ insurance participation is very small. 3

The paucity of multi–peril forest insurance plans in private markets implies a high cost

that results from the difficulties associated with monitoring and administering multi–peril

2Individuals and businesses can claim losses deriving from events such as wildfire as a deduction
in their income taxes. However, in the case of timber, these casualty losses are only on the “ba-
sis”(investment costs). For federal taxes, only casualty losses, net of any income obtained from timber
salvage, that exceed 7.5% of taxable income can be claimed. For state taxes, these losses may not be
claimed at all, particularly in states without income taxes.

3This may imply a market failure of the multi–peril timber insurance product. A market failure refers
to the scenario when allocation of goods and services by a free market is inefficient. In this case, such
a failure may come from information asymmetries, non–competitive markets, principal–agent problems
and externalities.
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insurance. It may be, in some sense, too difficult to precisely measure all the associated

risks from all possible hazards. In the case of inaccurate monitoring or poorly measured

risks, insurance providers may face moral hazard and adverse selection problems. Moral

hazard problems arise when agents assume more risks because they have insurance. Such

moral hazard actions may range from simple mismanagement of property to intentional

fraud. If the insurer is unable to monitor such behavior on an individual basis, the

insurance program may be distorted and suffer actuarial losses.

Adverse selection occurs from inaccurate rates when high–risk agents are more likely

to purchase insurance than low–risk agents, leading to an adversely–selected insurance

pool. Precisely modeling and pricing risks is essential to avoiding adverse selection. Com-

pared with multi–peril insurance for which it may be difficult to trace all risk sources,

a single–peril insurance plan only requires consideration of the limited risks associated

with the specific hazard. An actuarially fair single–peril insurance plan can be more easily

implemented, and therefore has the potential to increase insurance participation and to

reduce adverse selection.

In most fire–prone regions of the United States, wildfire is the most significant hazard

faced by timberland owners. In contrast to the wide adoption of homeowner insurance

policies against fire losses, there are essentially no fire insurance products available in the

timber industry. There are at least two benefits from the development of such an insurance

product. First, such a product could empirically quantify risks. This, in turn, may attract

insurance companies and forest landowners to engage in a private insurance market for

risk sharing. Second, existence of such a product can provide a baseline estimate of the

timber related net benefits of wildfire risk mitigation (prevention, fuels management,

suppression) for individual landowners, policy makers, and public land managers.

The first benefit stems from the notion that comprehension of a particular haz-
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ard and its spatio–temporal transmission mechanisms may warrant the development of

single–peril insurance products that measure wildfire risks accurately. Given the fact that

wildfire risks are usually catastrophic, if actuarially fair rates can be implemented in a

single–peril insurance plan, risk–averse forest landowners might purchase such products

if they are offered by insurance companies. Such a private insurance market can ease the

destructive losses of forest landowners, even in the absence of government intervention.

Furthermore, as forest disaster relief is becoming a fast–growing burden for governments

worldwide (Holecy and Hanewinkel, 2006), development of private wildfire insurance

products can lessen the financial stresses associated with taxpayer–funded support and

made ad hoc disaster relief unnecessary.

The second benefit stems from the notion that understanding the causal factors asso-

ciated with wildfire could result in broader welfare gains to society. Understanding how

wildfire risks are propagated spatio–temporally and how they depend on inputs can lead

to more rational public policies and private landowner decision making. However, wildfire

production is complicated by the existence of both purchased and free inputs that need to

jointly be considered in the statistical models required to generate a fair insurance scheme

(e.g., Prestemon, Mercer, and Pye 2008). Another complication is that a practical, effec-

tive insurance policy needs to minimize adverse selection and moral hazard distortions

and should be able to induce incentive–compatible actions by forest landowners to pre-

vent wildfire risks (e.g., Amacher, Malik, and Haight 2006, Crowley et al. 2009). A fairly

priced insurance plan also needs to evaluate compliance policies that decrease outbreak

probabilities by reducing hazards in advance. Prescribed burning is an example of efforts

made by forest landowners and governments to reduce wildfire risks (e.g., Cleaves et al.

2000, Mercer et al. 2007).

The State of Florida provides a natural setting for developing, testing, and deploying

8



a wildfire peril only timber insurance product. Nearly half, 16.1 million acres, of the

state’s 35 million acres of land is forest (Smith et al., 2010, p. 151). Ranked among the

top five tree–planting states in the U.S., with one–third of the state’s forests in pine

plantations, Florida’s forest products sector is heavily dependent on this fire–prone and

fire–vulnerable investment of private landowners. Florida’s timber products sector is an

important income and jobs generator for the state, with annual income ranging from $2

to $4 billion/year and employment ranging from 35.5 thousand to 61.4 thousand over the

period 1990–2010, and generating nearly 1% of the state’s income in 2010 (Department of

Commerce, 2012). At the same time, Florida suffers over 4,000 wildfire occurrences per

year, on average, with approximately 200,000 acres of forest land being burned in a typical

year (see Figure 1.1 and Table 1.1). Moreover, the fact that 70.7% of the state’s forests

are privately held by 509,000 non–industrial landowners (Butler, 2008, p. 44–48) suggests

that a potentially significant demand for forest wildfire insurance protection could exist

in the state.4 Similar arguments could be made for other fire–prone states in the region

(e.g., Georgia, Mississippi, Alabama, Texas) where timber values are high, wildfires are

frequent, and forest ownership is dominated by private landowners.

This paper studies spatially and temporally correlated wildfire risks (see Figures 1.1

and 1.2) in Florida using data covering 1981 to 2005.5 As one component of this study,

we evaluate many of the underlying causal factors (purchased or free inputs) associated

with wildfire risks. We find that vegetation types, climate, and socioeconomic conditions

have significant influences on the probability of fire occurrence. An annual county–level

contract, which pays a pre–determined indemnity to all insured in an affected county in

4Florida is quite different from western U.S. where wildfire is also a great concern. Most forests in
the western states are owned by the government and many of those public forests are located in roadless
areas. Thus wildfires in the western states are usually bigger and the affected timbers often have no
salvage values.

5The Florida wildfire data set provided by the Florida Forest Service only covers this time period.
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the event that a wildfire risk index exceeds a pre–specified level, is proposed. Statistical

models are used to quantify wildfire risks at the county–level and to estimate expected in-

surance indemnities. A key component of the insurance modeling involves the estimation

of several spatio–temporal, lattice models. Implications for wildfire management policies

are also discussed.

1.2 Risk Models and Insurance Contracts

The central piece of any effective insurance scheme is a full understanding of all risks

underlying the associated hazards. In insurance contracts, an actuarially fair insurance

premium (or premium rate) is calculated based upon knowledge of risks. The actuarially

fair rate is the rate (expressed in terms of total premium as a percentage of total liability)

that sets total premiums equal to expected total indemnities.6

A model measuring the actuarially fair premium rate is usually expressed in terms

of a conditional probability density or a cumulative distribution function that underlies

the risks associated with possible outcomes. One example is crop yield insurance. The

focus in yield insurance modeling is to estimate the probability densities that describe

crop yields. Consider a farmer i who decides to insure his crops in the coming year t,

and his expected yield is µ. He can choose a coverage level θ (0 < θ 6 1). If the crop

yield is below the pre–determined level θµ, his loss which is the difference between his

actual yield yi,t and the target level θµ, will be compensated. Given a pre–determined

price Pricet at which losses are compensated, the indemnity is:

Indemnityi,t = Pricet ∗max{0, θµ− yi,t}. (1.2.1)

6For example, if someone expects to pay $1,000 in a typical year on an insurance contract that covers
up to $10,000 in total liability, the actuarially fair premium rate is 0.10 (or 10%).
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In some insurance programs, a loss is an all–or–nothing event. For example, life in-

surance policies will pay a fixed indemnity only upon death of the insured. This kind

of insurance scheme simplifies the premium calculation, because the payout amount is

predetermined, and an actuarially fair premium rate is equivalent to the conditional

probability that a loss event occurs. Such insurance contracts are appropriate for wildfire

risks, where any exposure to wildfire for properties within a small site usually results in

a total loss. For an insurance contract underwriting a total loss event, if we denote z = 1

to be a loss event (z = 0 otherwise), the expected loss can be expressed as

E(Loss) = P (z = 1) ∗ E(loss|z = 1). (1.2.2)

The probability of a loss event is usually given as a function that is conditional on a

vector of observable covariates X and the associated parameter estimates vector β, i.e.

P (z = 1) = F (Xβ). (1.2.3)

If the contract specifies a fixed indemnity in case of a loss event (i.e. E(loss|z = 1) =

Payment is predetermined), then a fair premium is equivalent to E(Loss) = F (Xβ) ∗

Payment, and the actuarially fair premium rate is equal to the probability of loss.

Combining the aforementioned risk function (2.3) and the theoretical discussions in

Prestemon et al. (2002), we construct a model to describe broadscale wildfire risks. Wild-

fire hazards come from different sources, such as lightning and arson. Hence, a broadscale

wildfire risk function (Prestemon et al., 2002) can be written as

Bst =
∑
i

Bi,s,t (1.2.4)
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where Bst is the ratio of total burned area by wildfire to the total forestland area of

county s in year t, and Bi,s,t represents the burnt ratio caused by hazard source i. On the

aggregate level, the burnt ratio is equivalent to the wildfire risk probability.7 Therefore,

from (2.3), the wildfire damage function of the burnt ratio caused by hazard i can be

written as

Bi,s,t = Fi(Xstβ). (1.2.5)

where Xst is a vector of observable variables associated with wildfire hazards.

Understanding factors that loss probabilities should be conditioned on is crucial in

modeling risks. For example, in modeling life insurance, age and health of the insured are

always explicitly recognized when assessing death risks. As long as observable factors are

pertinent to the risks underlying an insurance contract, a more accurate actuarially fair

premium can be constructed if these factors are considered. For forest wildfire insurance,

factors such as tree types, characteristics of forest land and weather and socio–economic

statistics are important risk determinants.8

A couple of operational issues should also be considered in the design of an insurance

program. One important component of insurance provisions is the insurance period. For

example, in agricultural insurance contracts, the insurance period is usually specified on a

calendar year or crop season basis. The insurance protection covers associated risks from

7Divide the land of a county into n equally sized small sites. The probability that one small site gets
burned within a time period is denoted as P (Z = 1). If we assume a homogeneous broadscale risk within
a county, following the law of large numbers, the burnt ratio B, which is the number of burned sites
divided by n, converges to P (Z = 1) as n goes to infinity.

8Fuel management and suppression effort may also be related with wildfire risks. However, our focus
is to produce an actuarially fair insurance product, and wildfire prevention/suppression actions are
endogenously determined by aforementioned environmental factors. As long as the variables included in
our statistical model have adequately accounted for the varying rates of prevention/suppression effort
and fuel management, our modeling should be sufficient to estimate and forecast a fair premium (see
detailed discussions in section 3 footnote 12).
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the beginning of the insurance period until the end of the insurance period. In wildfire

risk analysis, we assume with no loss of generality an insurance period corresponding to

a calendar year. It is also important to identify insurance periods because risks can only

be conditioned (i.e., modeled) upon information available prior to the beginning of an

insurance period. For example, drought is recognized as a significant cause of wildfires.

However, even though drought may be somewhat predictable by using various climate

models, realized precipitation in year t + 1 is generally unknown in year t. In contrast,

the precipitation records in year t are available when insurance coverage for year t+ 1 is

determined. Therefore, in our analysis insurance parameters are always conditioned on

variables that are observable in the prior year before the terms of coverage are determined.

1.3 Empirical Analysis

1.3.1 Discussion of Data

This paper uses Florida fire occurrence data collected by the Florida State Forestry Divi-

sion. The Florida data span 1981–2005. A total of 132,371 individual fires were recorded

over this period. Each record describes characteristics of an individual wildfire. The ini-

tial time, township ID, fire cause, fuel type, spread speed, duration and acreage burned

are documented. Weather statistics for the same time period were collected from the

National Climate Database Center (NCDC), maintained by National Oceanic and At-

mospheric Administration (NOAA). Forest land characteristics were obtained from the

Forest Inventory and Analysis Database (FIADB) which is administrated by the USDA’s

Forest Inventory and Analysis National Program.9 Socio–economic statistics were col-

9The FIADB county level observations are generated from measurements of fixed–location plots.
These plots are visited on a periodic basis, every few years, to gather information in the form of tree
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lected from the Regional Economic Information System (REIS) data set assembled by

the Bureau of Economic Analysis of the U.S. Department of Commerce.

In our analysis, the unit of observation is a county. This choice is dictated by our

available data, though the analytical approach is general to any geographic or temporal

unit of observation for which suitable data exist. Although the fire data consist of town-

ship level records, detailed information for many of the factors suspected to be relevant

to wildfire risks are unavailable at such a level of observation. Analysis at the county

level is therefore more useful to measure wildfire risks and develop an insurance plan.

Wildfire can spread quickly over a large area. With large wildfires often crossing township

boundaries, county level statistics about wildfire losses may be more accurate and useful.

Statistics at the county level are also more abundant. Costs of insurance management,

therefore, are usually lower for county–level plans, such as those found in agricultural in-

surance schemes. Finally, premium calculations at the county level smooth the premiums

across different timber farms without inducing adverse selection. A group (index) insur-

ance plan, if conditioned on a county level index, can also help alleviate moral hazard

and adverse selection issues (Smith and Goodwin, 2011). Spatial aggregation, say to a

county level, provides such an index.

The dependent variable in our empirical analysis is the annual county–level burnt

ratio, which is defined as the aggregate wildfire burnt area as a proportion of the total

forest land area within a calendar year in each county. As is demonstrated in Figure 1.3.a,

the distribution of this variable is extremely right skewed, suggesting that conventional

risk modeling approaches that assume symmetric or normal distributions may not be

appropriate. As most maximum likelihood estimation methods assume normality, direct

use of this ratio variable is questionable. In contrast, a log–transformation successfully

volumes by species and product classes, among other variables.
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smooths the burnt ratio data (all observations are positive) and yields a distribution that

appears much closer to a normal distribution (Figure 1.3.b). Therefore, the logarithm of

the burnt ratio is selected as the response variable in our analysis.

Wildfire suppression and management practices have discovered that several observ-

able factors are relevant to wildfire risks. For example, certain forest types, such as oak

and hickory, are believed to be more resistant to wildfire spread. Variables representing

the shares of several groups of forest lands are considered here. These forest classifications

include the group of long–leaf slash pine forest lands and loblolly/shortleaf pine forest

lands, the group of oak/pine forest lands and oak/hickory forest lands, and the group

of oak/gum/cypress forest lands. We form an aggregate composite variable for the area

comprised of all other forest land types.10 Two crucial weather variables affect wildfire

likelihoods – drought and temperature. We represent drought and temperature factors

using the 12–month Standardized Precipitation (SP12) index and the Heating Degree

Day (HDD) index, respectively. Hurricanes are also a significant weather phenomenon

hypothesized to influence wildfire risks (Myers and van Lear, 1998). We measure hurri-

cane risks by using the historical annual frequency of hurricanes at a given location.11

Human intervention, including deliberate or accidental incendiary events, are represented

by population, employment and the proportion of forest land that is privately–owned.

These factors have been identified as potentially relevant causal factors of arson and other

crimes (see Becker 1968) and their empirical significance has been verified by existing re-

10A significant portion of timber plantations in Florida are intensively managed with short rotations,
which may affect wildfire risks. We considered alternative models that account for pine plantations. The
resulting models suffered from multi–collinearity problems. Tree types account for forest composition
and our final specification did not include plantation shares. These alternative results are available upon
request.

11Future research may benefit from a consideration of temporally–variable hurricane risk measures
that reflect long–run weather cycles. The accuracy and utility of such measures remains open to debate
and these factors are not used in this analysis.

15



search (Prestemon et al., 2002).

Table 1.1 presents summary statistics and variable definitions for measures of wildfire

risks and other relevant explanatory factors.12 Our analysis utilizes annual county–level

observations for all 67 counties in Florida from 1981 to 2005. This results in 1,675 county–

year combinations. To recognize the need for conditioning information to be available

prior to the provision of insurance, all covariates are lagged one year in the empirical

models.

1.3.2 Econometric Framework

To model wildfire risks, we apply the conditional probability model given by equation

(1.2.3) to the available data. Several estimation approaches were considered. As the

simplest and most common model, an OLS regression of yst on Xs,t−1 is adopted

yst = Xs,t−1β + εst, (1.3.1)

where yst is a wildfire risk indicator and Xs,t−1 is a vector of lagged observable covariates.

However, existing research has found that wildfire risks are both spatially and temporally

autocorrelated (Prestemon et al. 2002; Prestemon and Butry 2005). As a result, an OLS

regression based solely on the independent variables may be insufficient to account for

spatio–temporal autocorrelation.

An alternative approach is to include temporal lags of the dependent variable and the

average of neighboring observations of the lagged dependent variable in order to correct

12Ground fuel is related to wildfire risks. In this study, forestland ratio is used to represent such
information. We found this proxy is more desirable than other alternatives, such as biomass density,
living tree density and tree mortality in terms of the goodness of fit. In addition, adding any of the above
mentioned alternative variables did not improve the results, and led to multi–collinearity problems.
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for temporal and spatial autocorrelation. An example of such models, if only the first

order temporal lag is included, can be expressed in the form of

yst = ρys̄,t−1 + qys,t−1 +Xs,t−1β + εst, (1.3.2)

where ys̄,t−1 represents the average of all {yi,t−1}, given i ∈ Θs and Θs represents the set

of all spatial units bordering county s. A more general class of such models can also be

written in a vector form as

Yt = ρWYt−1 + qYt−1 +Xt−1β + εt; (1.3.3)

where Yt represents a vector of observations of the dependent variable for all of the

spatial units at time t, and Xt−1 represent one year lagged observable covariates. The

equation (1.3.2) is a special case of (1.3.3) with a spatial weight matrix W .13 Many

models of this genre have been developed by extending the conventional Box–Jenkins

time series models (Box, Jenkins, and Reinsel, 1970) to an analogous spatio–temporal

context (Haggett, Cliff, and Frey, 1977). The main advantage of this method, as noted by

Ripley (1981), is its simplicity. One of the implications underlying such models, though,

is that spatial transmission does not occur contemporaneously. In scenarios for which the

subscript t corresponds to a short period of time, Upton and Fingleton (1985) promoted

this model because such a lagged impact across spatial units is more reasonable than an

instantaneous impact.

However, the response variable of our interest, either wildfire frequency or propensity,

is observed annually. While a wildfire rarely lasts longer than a month, simultaneous

13The spatial weight matrix W has the following elements. Wij = 0 if counties i and j are not neighbors
and Wij = 1/(the number of county i′s neighbors) if counties i and j are neighbors.
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spatial interactions within a year are more likely to underlie the truth. Therefore, we

have developed a regression model with autoregressive, spatio–temporal dependence (see

the discussion in Appendix A), in the form of

Yt = ρWYt + qYt−1 +Xt−1β + εt. (1.3.4)

The differences between the aforementioned two models (3.2) and (3.4) are not limited

to the fact that ρ is a simultaneous spatial dependence parameter in (3.4) while ρ is

a lagged spatial dependence parameter in (3.2). Unlike the model represented by equa-

tion (1.3.2), for which it is convenient to adopt OLS estimation techniques, the spatio–

temporal autoregressive model (3.4) may present estimation challenges. In particular, it

may be difficult to estimate parameters when the weight matrix W appears iteratively

in the log–likelihood function.

Another challenge is how to incorporate the temporal lagged dependent variable.

As Cliff and Ord (1975) noted, the lagged dependent variable Yt−1 can be treated as an

independent variable, as long as Yt−1 is independent of current errors εt. In addition, if the

assumption that errors {εt} are serially independent is satisfied, the estimation method

for simultaneous equations systems is applicable (Johnston, 1972). Cliff and Ord (1975)

devised a maximum likelihood estimation method for models with spatial dependence

and proved that an OLS regression approach will not produce consistent estimates in

that scenario. Therefore, we modified their method to accommodate the spatio–temporal

modeling context and developed a similar maximum likelihood estimation method (see

Appendix A).

In addition to those scenarios where the dependent variable is autocorrelated, re-

searchers have often built empirical models in which autocorrelation exists among errors.
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Such an idea comes from the notion that if the independent covariates are not compre-

hensive enough, the unexplained parts of the dependent variable are still likely to have

spatio–temporal interaction. Therefore, we modified the maximum likelihood estimation

method of Ord (1975), and constructed a model with spatio–temporal autocorrelated

errors (see Appendix B) in the form of

Yt = Xt−1β + Ut, (1.3.5)

Ut = ρWUt + qUt−1 + εt. (1.3.6)

Our estimation methods (Appendix A & B) will have important advantages in the

presence of spatial and temporal correlation. The simultaneous spatial dependence pa-

rameter ρ is an important factor to be estimated. Although conventional models, such as

(1.3.3), allow for lagged spatial interaction, the potential for simultaneous transmission

in a broad time scale has been ignored. In some cases, if the spatial dependence within

the same period does indeed exist, misspecification of the model may lead to biases in

estimation.

1.3.3 Conventional Model Results

Table 1.2 presents the results of a simple ordinary least squares regression (3.1) and the

conventional spatio–temporal linear regression (3.2). The OLS results suggest that all

of the conditioning explanatory variables, except for the hurricane frequency measure,

have statistically significant impacts on wildfire risks.14 The conventional spatio–temporal

14Other variables may also be considered. Examples include wildfire prevention/suppression effort,
law enforcement and road densities. Some of them are found to be relevant, i.e. prescribed fire permits
per acre of forestland has a significantly negative impact on wildfire risks. However, we found that these
variables are correlated with other existing variables, and whether to address them doesn’t change the
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model produces similar results except that the coefficient of the HDD index is not statis-

tically significant. Temporal dependence is shown to be positive and significant, while the

lagged spatial dependence is not statistically significant and is fairly small in magnitude.

15 The fit of the two models is adequate, especially since the records form a panel.16

Overall, the specification of the models and the choice of explanatory variables appears

to receive strong empirical support.

Autocorrelation tests for the residuals, however, confirm our concerns. Although tem-

poral autocorrelation is successfully controlled for, neither model sufficiently corrects for

spatial autocorrelation.17 In particular, the residuals are still autocorrelated in approxi-

mately one quarter of the observed years. Second, compared with the OLS model, adding

a lagged spatial dependent variable does not alleviate autocorrelation. This suggests that

the spatial linkages are more likely to exist simultaneously. This is less of a concern

within the context of predicting the conditional probability of specific wildfire risks but

it does suggest that the models are inefficiently estimated and may result in misleading

inferences.

The difference between the magnitudes of coefficients in these two models also sug-

gests possible misidentification by the OLS model. The estimated coefficients of observ-

able variables in the OLS model are always larger than those in the spatio–temporal

overall results. Further, some data sets do not cover the entire time span between 1980 to 2005, i.e. the
records of prescribed fire permits only dated back to 1993 and the data set of road densities is purely
cross–sectional. In addition, some of these variables have no significant impacts, such as the weighted
average response time to wildfire.

15The positive temporal dependence is different from some previous findings. Although a wildfire rarely
lasts longer than several months, this positive coefficient may suggest similar climatic and environmental
factors which cause wildfires during two consecutive years.

16Both the variance inflation index (VIF) and condition index are small, which suggests that multi–
collinearity does not exist among the covariates.

17Each county is checked for first order autocorrelation using the Breusch–Godfrey test at the 5%
significance level. Spatial autocorrelation is checked using Geary’s C index permutation test at the 5%
significance level every year.
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model. This is not surprising because the spatio–temporal model has taken temporal

and neighboring county impacts into consideration, while the OLS regression only mod-

els wildfire risks conditional on independent variables. If spatio–temporal autocorrelation

indeed exists, influences of covariates may be exaggerated by the OLS model. As a result,

to ignore spatio–temporal dependence between wildfire risks may lead to miscalculations

in insurance design and mismanagement of wildfire control programs.

1.3.4 Preferred Model Results

Table 1.3 presents the results of the spatio–temporal autoregressive model (Appendix

A) and the model with spatio–temporal autocorrelated errors (Appendix B). Similar to

the conventional models (Table 1.2), the estimates of most parameters in our proposed

models suggest statistically significant influences. Climate factors, such as temperature

and drought, affect wildfires in the expected ways. Cold (HDD index) weather appears to

significantly reduce wildfire risks. At the same time, the significant impact of population

density verifies that human intervention is an important causal element of wildfires.

Regional factors related to the economic welfare of the population in a given county may

also reflect other aspects of behavior. In particular, economic stresses may be related to

deliberate acts of arson and other criminal activities (Prestemon and Butry, 2005). A

high employment ratio could significantly mitigate wildfire risks, since employed persons

have higher opportunity costs of time and are less likely to commit criminal acts of arson.

Land characteristics affect wildfires through a number of ways. A high private own-

ership share of forest lands always implies a significantly higher wildfire risk. As rangers

and forest police work actively on public forest lands, private lands are expected to be

more vulnerable to wildfire threats. The group of longleaf/slash pine forest lands and
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loblolly/shortleaf pine forest lands appear to have significantly higher fire risks, while

the oak/gum/cypress forest land group also appears to have significantly higher burning

risks. The latter result reflects the fact that swamp fires are easily spread.

An exception occurs for the coefficient of the SP12 index, which represents drought

conditions. This factor is statistically insignificant in these two models. The other ex-

ception is the coefficient of the combination of oak/pine and oak/hickory forest lands,

which is not significant in the model with autocorrelated errors. The impacts from these

two variables, though, are still as expected. With the exception of the hurricane index,

coefficients of other covariates are all statistically significant with the anticipated signs.18

Another important implication of our results is that the estimates of spatial de-

pendence are now statistically significant. This is in contrast to the estimate for the

conventional spatio–temporal model (3.2). This finding confirms our suspicion that the

conventional spatio–temporal modelling specifications may have ignored the contempo-

raneous spatial linkages between wildfire risks within a year. Further, spatial autocorre-

lation among residuals has been reduced significantly, in comparison to the results for the

conventional models (i.e. the percentage of years with spatially autocorrelated residuals

decreases from around 25% to close to 10%). This is not surprising because the proposed

methods account for simultaneous spatial interactions while conventional models only

consider lagged spatial interactions. In general, these improvements confirm that these

models are superior for evaluating spatio–temporal autocorrelated wildfire risks. Finally,

since the smaller estimated variance of errors implies a better fit, these two models pro-

vide a more desirable tool to predict wildfire risks using observable data.

18Lightning is also an important causal factor for wildfire. A study on lightning induced wildfire is
presented in the third chapter.
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1.4 Premium Rates

The primary goal of our empirical analysis is to construct models that can precisely es-

timate conditional wildfire probabilities in order to determine actuarially fair insurance

premium rates. An actuarially fair premium that abstracts from administrative and op-

erating costs (including any return to capital) associated with the program should be set

equal to the expected loss. The expected loss is usually expressed as

E(lossst) =

∫
E(Paymentst|zst,Θst) ∗ f(zst|Θst) dzst, (1.4.1)

where zst is an indicator that one of the claim provisions has been triggered (i.e., that

a loss event has occurred). Θst represents the prior information set of conditioning vari-

ables that are conceptually relevant to the risks, and f(zst) represents the corresponding

probability density function of the loss event. When a fixed payment is made only if a

specific outcome occurs (e.g., death in the life insurance contracts), the fair premium can

be simplified to

E(lossst) = Pr(zst = 1|Θst) ∗ Paymentst, (1.4.2)

where Pr(zst) represents the corresponding actuarially fair insurance premium rate. As

noted, it is also a conditional probability which can be empirically estimated using the

aforementioned models.

Similarly, for wildfire risks, expected losses for a comprehensive insurance scheme that

can be offered to an individual timber farmer can be expressed as

E(loss)st = Pr(ost|Θst) ∗ E(Paymentst|ost,Θst), (1.4.3)
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where ost represents a loss event caused by wildfire at location s in time t, and Payment

represents compensation for the actual loss. However, in light of the problems associated

with adverse selection and moral hazard outlined above, such an insurance plan would

not be expected to be viable in the forest industry. The first difficulty comes from the

fact that wildfire outbreaks are distributed unevenly across space and are too volatile

to model accurately at the individual land parcel level of resolution. Second, the value

of timber ranges widely across stands and over time, due to variations across stands

in species and qualities of the timber products they contain. Therefore, the transaction

costs associated with assessing both individual outbreak risks and liability values may

be too high to implement such an individual wildfire insurance plan. If too high a price

were to be set for individual coverage, moral hazard incentives could be elevated, creating

problems for the plan.

A group insurance plan at the county level may be able to overcome such complica-

tions. One advantage of group insurance plans is that they can smooth risks across the

whole county by basing coverage on an aggregate index. In addition, if the actions of

individual agents do not significantly affect the aggregate index or index threshold that

governs coverage and establishes losses, moral hazard may be diminished. We can use the

burnt ratio to represent the fire probability. Therefore, equation (1.4.3) can be written

as

E(loss)st = zst ∗ E(Paymentst|zst,Θst), (1.4.4)

where zst is the expected burnt ratio and Payment is the fixed payout amount associated

with zst. Our models forecast the burnt ratio for county s in time t, which follows a

lognormal distribution on the basis of information available at time t − 1. However,
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results using the burnt ratio directly, such as (4.4), are not robust in our empirical

models. Even though the logarithm of burnt ratio is normally distributed, its variations

will be exponentially amplified when the logarithmic form is converted back into the

original level.

Our index insurance plans, however, are unaffected by these issues. In a hypothetical

timber insurance program, the claim procedure could work as follows. Before the begin-

ning of the insurance period, both insurance providers and forest landowners agree on

an indemnity trigger burnt ratio index, say z̃st = 8%, and the insured agents pay pre-

miums to insurance companies. At the end of the insurance period, the federal or state

authority issues a final burnt ratio for each county based on statistics documenting fire

occurrences. When the actual burnt ratio zst in a county exceeds the threshold stipulated

in the contract, say 8%, every insured forest landowner in this county will receive a fixed

payment. Note that payments are made to all insuring landowners, regardless of whether

they experience fire losses or not. Such is the nature of index coverage. Meanwhile, if

the realized burnt ratio is smaller than 8%, then no one receives a payment. Therefore,

if the predetermined percentage that will trigger claims is z̃st (e.g., 8%), the actuarially

fair premium can be written as

E(loss)st = Pr(zst > z̃st|Θst) ∗ E(Paymentst|zst > z̃st,Θst). (1.4.5)

At the same time, the premium rate, which is the ratio of the premium to the liability,

can be expressed as

Pr(zst > z̃st|Θst) = 1− Φ((ln z̃st − µst)/σst), (1.4.6)
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where Φ(·) is the standard normal cumulative distribution function, and zst ∼ lnN(µst, σ
2
st).

The mean µ and the standard error σ can be estimated from our models, and therefore

the fair premium rate can be determined. Since the mean burnt ratio is about 0.1%

(Table 1.1), we consider triggers of 10%, 1%, 0.15%, 0.1%, 0.05%, 0.01% and 0.001%.

Summary statistics of the estimated premium rates for different triggers are presented

in Table 1.4. Because a smaller trigger index provides more comprehensive protection,

premium rates increase as the trigger level declines. The estimated premium rates among

spatio–temporal models are fairly similar. In contrast, in most cases the OLS regression,

which ignores spatio–temporal autocorrelation, produces much higher premium rates.

This finding suggests several important insurance implications. First, premium rates may

be overestimated if one does not consider spatio–temporal autocorrelation. As we pointed

out above, the effects of observable covariates on risks are overestimated when spatio–

temporal impacts are not assessed (Table 1.2). Second, negligence of spatio–temporal

dependence of fast transmitting hazards, such as wildfire, will likely discourage overall

participation in the associated insurance plans. This is because an over–priced insurance

plan is usually only attractive to extremely risk–averse agents. Thus, if information is

not perfectly symmetric, overestimation of insurance premium rates will result in an

adversely selected pool of insured agents, which may endanger the sustainability of such

insurance programs.

Figure 1.4 compares the map of average actual burnt ratio between 1983 and 2005

(Figure 1.4.a) with maps of the average estimated premium rates using different models

for the same time period (Figure 1.4.b-e). The overall similarities of the maps suggests

an adequate modeling specification for all the models, such as an appropriate selection of

covariates. Although the visual differences between the four maps of premium rates are

not substantial, the mosaic patterns generated by the preferred models are closer to the
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actual burnt ratio map than those generated by the conventional models. This implies a

better fit.

An important consideration of any insurance program is to calculate premiums pre-

cisely. The wildfire insurance premium (4.5) not only depends on the premium rate, but

also on the expected payout amount. The Paymentst in equation (1.4.5), which is the

product of insured acres and the indemnity payment per acre, can be set exogenously in

accordance with various policy goals. For example, given that the payment will be made

to all insured timber owners if the threshold is surpassed, the indemnity amount may

be set at a level that corresponds to the cost of desired fire risk mitigation actions. One

possible plan is that

Paymentst =(Insured Acres)st ∗ [(Timber V alue Per Acre)st

∗ (Actual Loss Ratio)st + (Prevention Cost)],

(1.4.7)

where (Actual Loss Ratio)st is equivalent to the burnt ratio zst in equations (1.4.5) and

(1.4.6). Since county–level timber volume and regional timber prices are readily available,

it is convenient to estimate the average timber value per acre in each county.19 Prevention

costs are used to compensate forest owners’ preventive actions against wildfires. Such

steps include building fire breaks and removing excess fuels. Since wildfire risks are spatio–

temporally related, those preventive actions may provide strong positive externalities

both across spatial units and across time periods. In other words, if preventive efforts are

compensated, not only will an individual timberland ownership assume less risk in the

future, but its neighbors may also benefit from diminished wildfire risks. Therefore, such

19Timber loss values are not limited to the values of trees. For example, even a young stand of trees
too small to be commercially valuable may still have a non–zero loss value due to stand re–establishment
costs and delayed rotations, as determined by the insurance adjuster.
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an insurance scheme with a lump sum payment may help to mitigate wildfire risks and

potentially enhance social welfare. This policy could require those landowners that have

not suffered fire losses to undertake such mitigation actions upon receiving a payment.

Further, if the trigger index is surpassed, the expected indemnity in equation (1.4.5)

can be expressed as

E(Paymentst|zst > z̃st,Θst)

= (Insured Acres)st ∗ E{[(Timber V alue Per Acre)st ∗ zst

+ (Prevention Cost)]|zst > z̃st,Θst}

= (Insured Acres)st ∗ [(Timber V alue Per Acre)st ∗ E(zst|zst > z̃st,Θst)

+ (Prevention Cost)], (1.4.8)

where E(zst|zst > z̃st,Θst) = exp(µst + σ2
st/2) ∗Φ((µst + σ2

st − ln z̃st)/σst)/[1−Φ((ln z̃st −

µst)/σst)], given zst ∼ lnN(µst, σ
2
st). The actuarially fair premiums, therefore, should be

Premiumst = E(loss)st

= E(Paymentst|zst > z̃st,Θst) ∗ (Premium Rate)st

= {(Timber V alue Per Acre)st

∗ exp(µst + σ2
st/2) ∗ Φ((µst + σ2

st − ln z̃st)/σst)

+ (Prevention Cost) ∗ [1− Φ((ln z̃st − µst)/σst)]}

∗ (Insured Acres)st.

(1.4.9)

The trigger index of burnt ratio z̃st is predetermined and has no influence on the con-

ditional wildfire risk probability. Hence, as long as the probability of a fire (i.e., the

distribution of burnt ratio zst ∼ lnN(µst, σ
2
st)) can be conditioned precisely based on
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relevant information, the premium paid by the insured should be actuarially fair.

A validation study is performed to simulate the viability of this insurance plan. Be-

cause the fairness of an insurance scheme only relies on the conditional probabilities,

choices of Timber V alue Per Acre and Prevention Cost will not affect actuarial fair-

ness. Thus we assume for simplicity, but without loss of generality, that the average

timber value is identical for all counties and years in Florida, which is estimated to be

$983 per acre (Bronson). The prevention cost is assumed to be $112 per acre. 20

One operational issue is how to determine the trigger index. Since the typical burnt

ratio fluctuates dramatically across counties, timber owners from different counties might

be unwilling to buy an insurance policy with a universally constant trigger. Therefore,

we assume an insurance plan whose provisions are attached to the expected burnt ratio.

For example, if the predicted burnt ratio estimated by using data prior to year t is say

ẑst = 10% 21 and the target coverage level selected by the insured forest land owners is

C = 80%, the trigger index will be z̃st = C ∗ ẑst = 8%. The associated actuarially fair

premium (4.9) can then be simplified as

Premiumst ={(Timber V alue Per Acre)st ∗ exp(µst + σ2
st/2) ∗ Φ(σst/2− lnC/σst)

+ (Prevention Cost) ∗ [1− Φ(lnC/σst + σst/2)]} ∗ (Insured Acres)st.

(1.4.10)

Since such a plan more closely reflects actual wildfire risks in terms of expectations, it

should be more widely accepted. Hence, full participation by forest landowners is also

assumed.

20Roughly estimated by assuming that removing excess fuels on a 2,000 square feet plot requires an
hour of labor that is compensated at the Florida minimum wage.

21The expected burnt ratio ẑst is given by ẑst = exp(µst + σ2
st/2), given zst ∼ lnN(µst, σ

2
st)
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In our validation experiments, parameter estimates from each model are used to

forecast annual wildfire risks between 1983 and 2005. In each experiment, a fixed coverage

level of protection is offered. For example, if Coverage = 120%, a forest landowner can

only claim an indemnity payment if the actual burnt ratio zst in his county exceeds

120% of the expected burnt ratio ẑst. Premiums are assessed by equation (1.4.10) and

reimbursements are determined by equation (1.4.7).

Summary statistics of simulated premiums and indemnities of several insurance plans

are presented in Table 1.5 and Table 1.6. A loss ratio is defined as the total indemnities

divided by the total premiums. Ideally, the expectation of the loss ratio in an actuari-

ally fair insurance program should be one. Thus the magnitude of loss ratios becomes

the focus to evaluate the fairness of insurance. As we found in Table 1.4, negligence

of spatio–temporal autocorrelation may cause overestimation of premiums. This is con-

firmed in this validation study (Table 1.5 and Table 1.6) since the programs using the

OLS model consistently collect much higher profits than others. Within all four modeling

specifications, the most desirable result (i.e., the loss ratio is closest to one) is always

generated by either of the two models that we proposed. This verifies our contention that

the spatial correlation of wildfire risks is more likely to be of a contemporaneous nature.

Third, although both premiums and indemnities rise as the level of protection becomes

more comprehensive (with a lower coverage value), the loss ratio eventually approaches

one and is stabilized when target coverage is below 1.5%. One implication underlying

this phenomenon is that the fit of models is better considering the whole distribution

rather than with just the right part of the distribution. This is reasonable because the

log–normal distribution of the burnt ratio is extremely right skewed and considerably

long in the right tail. The other implication is that a target coverage level as low as 1% is

small enough to compensate most wildfire occurrences. Therefore, from the perspectives
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of insurance and reinsurance providers, such converged loss ratios support the viability

of this index insurance scheme.

One issue with such insurance programs, though, is that over a half of the policies will

not make reimbursements if the target coverage is more than 50%. This is caused by the

fact that the standard deviation of errors σst is between 1.5 to 1.6 (Table 1.2 and Table

1.3). One remedy for this issue is to use the predicted median of burnt ratio distribution

instead of the expectation as the benchmark score.22 However, since the expectation is

a more straightforward and sensible measure of future wildfire risks, we maintain this

measure in our study.

In all, our proposed index insurance programs perform well, particularly when us-

ing autoregressive models with contemporaneous spatial dependence. Since these index

insurance plans are practically viable, it may be possible for a private market for such in-

surance to emerge. Of course, the risk attitudes of timber owners and the costs associated

with providing the coverage by insurers will also be relevant to the potential viability of

any insurance plan.

1.5 Conclusion and Discussions

Society has long had to deal with natural disasters using both ad hoc compensation

and more formal institutional arrangements. While the latter may be best represented

by the largely private sector effort to provide insurance to property owners, timberland

owners typically have been left out of the offerings of the insurance industry. As one

possible solution, this paper evaluates an insurance instrument to compensate timber

owners against wildfire risks. A single–peril index insurance scheme is proposed and

22Median(zst) = exp(µst), given zst ∼ lnN(µst, σ
2
st).
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associated actuarially fair premiums (rates) are estimated. A hypothetical validation

study for operating such insurance programs is also performed. Thus the viability of such

index insurance plans is verified – at least from the view of insurance providers – which

may suggest future development of an insurance market for natural disaster payments.

In the process of developing our insurance scheme, we identified spatio–temporal

dependence for wildfires in Florida at the county level that had not been quantified pre-

viously. We developed and evaluated two new structural models that revised the spatial

autocorrelation models of Ord (1975) to explicitly address the spatio–temporal aspect

of this problem. Contemporaneous spatial dependence was incorporated and parameters

were estimated using maximum likelihood estimation methods. Our empirical analysis

was based on a complete survey of Florida wildfire loss records from 1980 to 2005, with

crucial relevant information, such as the National Forestry Inventory and Analysis (FIA)

database, the Regional Economic Information System (REIS) database and the National

Climate Data Center (NCDC) database. The results confirmed that our proposed statis-

tical models are more desirable than conventional models in recognizing spatio–temporal

autocorrelation and calculating premiums (rates).

Our analysis also suggests potentially important forest management implications. The

statistical results reveal that almost all the important causal factors generally exhibit sig-

nificant relationships with wildfire risks. For example, drought, high temperatures and

human actions appear to enhance wildfire hazards significantly, while different compo-

nents of forest land ecosystems also have significant influences on fire risks. Thus the

government and timber owners may consider actions to reduce wildfire hazards, such

as concentrating fire suppression resources on certain types of forestland and in high

unemployment areas. In addition, spatial and temporal spillover effects of wildfire are

confirmed. Hence, any effort to reduce the ignition and spread of wildfires will have a
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strong spatio–temporal externality. Land management organizations and local govern-

ments should recognize this when developing policies and programs.

Economists typically argue that government intervention reduces overall economic

welfare unless a specific failure of the market exists. Many arguments pointing to market

failures are advanced by proponents of subsidized insurance and most such arguments

are refuted by empirical evidence (Smith and Goodwin, 2011). However, one persuasive

case favoring government support for specific peril or multiple peril insurance exists

when such insurance may be used to encourage mitigation efforts by those threatened

by contagious risk (Goodwin and Vado, 2007). If subsidized compensation for losses is

provided when such a hazard is present, agents may have a greater incentive to report

the threat. Likewise, if such compensation is provided to those who are at a greater risk

of exposure, even if no losses are realized, mitigation efforts may be encouraged and the

spread of the hazard may be inhibited. In such a case, aggregate economic welfare may be

enhanced by subsidized insurance since aggregate risk may be diminished by subsidized

insurance. Subsides might also serve to mitigate free–rider problems and the distortions

that they entail.

From the government’s perspective, such an index insurance scheme may provide a

useful financial instrument to compensate wildfire losses and alleviate wildfire risks. Com-

pared to ad hoc disaster relief, timber wildfire insurance plans have several advantages.

First, the coverage of insurance might be much wider than that of disaster relief. As

we noted above, disaster relief usually ignores small–scale wildfires, which comprise a

dominant share of all wildfires. In contrast, a wide range of forest landowners could be

compensated for timber losses as long as they purchase such index insurance.

Such index insurance programs may also help wildfire suppression. Since indemnities

are directly attached to a wildfire index, insured forest landowners have strong incentives
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to report a wildfire despite its scale. Thus suppression actions can be taken in a timely

manner and the spread of wildfire may be inhibited. At the same time, because an

individual fire likely cannot influence the aggregate index directly, moral hazard issues

are diminished.

Finally, the government can more actively engage in wildfire management with this

insurance instrument. Disaster relief, which is usually only granted after very large wild-

fires, has almost no impact on reducing wildfire risks. Because wildfire risks are positively

correlated in both space and time, mitigation actions, if taken, should considerably reduce

neighboring and future wildfire hazards. An insurance scheme compensating preventive

actions may encourage wildfire mitigation effort, and consequently lower the wildfire

risks and associated premiums. In return, a lower premium charge will raise insurance

participation and more preventive actions will be performed.23 Such reciprocal arrange-

ments will likely alleviate wildfire risks in the long term. Further, unlike ad hoc disaster

payments, subsidies may be a more fiscally stable instrument for the government.

Again, our main focus is to propose an alternative financial instrument for timber

business owners against wildfire risks other than disaster assistance payments. Accurate

quantification of conditional risks and the provision of precise insurance premium rates

is a necessary ingredient of any insurance program, whether subsidized or private. Our

objective is to derive such measures to guide public policymakers and private insurance

providers. In this study it is not our intent to quantitatively verify the rationale or ne-

cessity of the aforementioned subsidized scheme. The role of government in the provision

23To ensure subsidized mitigation actions are performed, restrictive insurance provisions and monitor-
ing steps may be required. Also if the subsidy for the insured is so big that the spill–over benefits to the
uninsured neighbors can reduce expected losses of the uninsured by a significant amount, free riding by
the uninsured may arise, which could result in a suboptimal Nash equilibrium. To prevent such cases,
a careful evaluation of the optimal subsidy amount may be necessary. This is an important topic for
future research.
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and maintenance of such wildfire insurance remains an important topic for future pol-

icy deliberations and research. Important problems relating to the dynamic behavior of

landowners and insurers also remain of interest. If insurance induces more risk mitigation,

risk profiles may evolve with insurance participation.

35



Table 1.1: Definition and Statistics of Variables

Variable(County Level) Definition N Mean Std. Dev.
Burnt Ratio Burnt forestland size/total forestland size 1675 0.0109 0.0392
Log (Burnt Ratio) Logarithm of Burnt Ratio 1675 -5.6251 1.8754
Forestland ratio Total forestland area/county size 1742 0.5168 0.2813
Private share Proportion of private owners’ forestland 1742 0.7434 0.2585
Longleaf /slash pine and Proportion of longleaf /slash pine forestland 1742 0.4144 0.1840

loblolly /shortleaf pine share and loblolly / shortleaf pine forestland
Oak/pine and oak/hickory Proportion of oak/pine forestland 1742 0.2076 0.1243
share and oak/hickory forestland

Oak/gum/cypress Proportion of oak/gum/cypress 1742 0.2209 0.1241
share forestland

Daily average Sum of daily Heating Degree Day indices 1742 2.7920 1.4247
of HDD Index within a year divided by 365

December SP12 index December’s probability of observing a given 1742 0.2531 0.9798
amount of precipitation for next 12 months

Hurricane incidences Annual count of hurricane strikes 1742 0.1819 0.4777
within 40 miles of a county’s centroid

Population Density No. of residents per acre of county land 1742 0.3887 0.6928
Log(Population Density) Logarithm of Population Density 1742 -1.8720 1.3548
Employment Ratio Percentage of workforce population 1742 0.4253 0.1159
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Table 1.2: Estimates and Statistics from Conventional Regressions

Parameter
OLS Model Conventional S–T Model

Estimate Std. Error Estimate Std. Error
Ys̄,t−1 -0.0292 0.0349
Yt−1 0.2643*** 0.0264
Intercept -4.4674*** 0.2875 -3.6629*** 0.3189
Forestland ratio -3.5721*** 0.2802 -2.6151*** 0.2946
Private share 1.4833*** 0.2392 0.9049*** 0.2384
Longleaf /slash & loblolly /shortleaf 3.2207*** 0.3878 2.9126*** 0.3939
Oak/pine & oak/hickory -1.7279*** 0.3834 -0.7750** 0.3789
Oak/gum/cypress 2.0596*** 0.4157 1.7687*** 0.4151
Daily average of HDD index -0.3193*** 0.0532 -0.3094*** 0.0540
December SP12 index -0.2757*** 0.0413 -0.1121** 0.0448
Hurricane incidences -0.1118 0.2069 -0.1649 0.1988
Log(population density) 0.3627*** 0.0442 0.2650*** 0.0449
Employment Ratio -2.2862*** 0.4367 -1.5802*** 0.4350

Summary Statistics
σ̂2 2.6798 2.4659
R2 0.4091 0.4446
Max. VIF 3.6447 4.4866
Max. Condition Index 23.9007 28.9506

Autocorrelation Test
Percentage of Years when Spatial 24.00% 29.17%

Autocorrelation found in Residuals
Percentage of Counties where Temporal 5.97% 10.45%

Autocorrelation found in Residuals
NOTE: *, ** and *** represent significance at 10%, 5% and 1% respectively.
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Table 1.3: Statistics of Spatio–Temporal Autoregressive Regressions

Parameter
Model (Appendix A) Model (Appendix B)

Estimate Std. Error Estimate Std. Error
Spatial Dependence 0.2813*** 0.0269 0.3445*** 0.0288
Temporal Dependence 0.2489*** 0.0244 0.2495*** 0.0241
Intercept -2.4588*** 0.3063 -4.9675*** 0.3987
Forestland ratio -1.9814*** 0.2784 -2.8695*** 0.4221
Private share 0.7071*** 0.2264 0.9400*** 0.3321
Longleaf /slash & loblolly /shortleaf 2.5052*** 0.3757 3.5459*** 0.5583
Oak/pine & oak/hickory -0.7039* 0.3599 -0.5574 0.6093
Oak/gum/cypress 1.4335*** 0.3961 3.0884*** 0.5990
Daily average of HDD index -0.1991*** 0.0517 -0.4627*** 0.0896
December SP12 index -0.0379 0.0405 -0.0528 0.0868
Hurricane incidences -0.0883 0.1887 0.5003 0.4336
Log(population density) 0.1969*** 0.0426 0.3686*** 0.0649
Employment Ratio -0.9281** 0.4117 -1.7992*** 0.5565

Summary Statistics
σ̂2 2.2252 2.1991

Autocorrelation Test
Percentage of Years when Spatial 12.50% 8.70%

Autocorrelation found in Residuals
Percentage of Counties where Temporal 11.94% 11.94%

Autocorrelation found in Residuals
NOTE: *, ** and *** represent significance at 10%, 5% and 1% respectively.
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Table 1.4: Estimated Premium Rates given Different Trigger Indices

Model Mean Median Std.Dev. Max Min
Reimburse if Burnt Ratio > 10%:
OLS Model 0.0296 0.0048 0.0546 0.4595 2.2380E-6
Conventional Spatio–Temporal Model 0.0249 0.0031 0.0471 0.3582 3.2602E-9
Model with Dependent Responses 0.0242 0.0027 0.0467 0.3641 1.8989E-9
Model with Dependent Errors 0.0239 0.0033 0.0420 0.2874 2.4611E-9
Reimburse if Burnt Ratio > 1%:
OLS Model 0.2059 0.1176 0.2062 0.9040 7.3282E-4
Conventional Spatio–Temporal Model 0.1946 0.1019 0.2059 0.8650 7.2380E-6
Model with Dependent Responses 0.1938 0.0998 0.2093 0.8729 5.3640E-6
Model with Dependent Errors 0.1971 0.1075 0.2029 0.8171 5.9200E-6
Reimburse if Burnt Ratio > 0.15%:
OLS Model 0.5189 0.4888 0.2642 0.9931 2.1562E-2
Conventional Spatio–Temporal Model 0.5079 0.4749 0.2757 0.9896 8.7885E-4
Model with Dependent Responses 0.5051 0.4779 0.2841 0.9910 7.5272E-4
Model with Dependent Errors 0.5139 0.4859 0.2768 0.9827 7.6228E-4
Reimburse if Burnt Ratio > 0.1%:
OLS Model 0.5935 0.5869 0.2535 0.9967 3.7963E-2
Conventional Spatio–Temporal Model 0.5835 0.5775 0.2665 0.9949 2.0512E-3
Model with Dependent Responses 0.5803 0.5811 0.2749 0.9957 1.8007E-3
Model with Dependent Errors 0.5893 0.5865 0.2671 0.9911 1.7999E-3
Reimburse if Burnt Ratio > 0.05%:
OLS Model 0.7136 0.7399 0.2187 0.9991 8.8282E-2
Conventional Spatio–Temporal Model 0.7058 0.7379 0.2337 0.9987 7.5751E-3
Model with Dependent Responses 0.7026 0.7429 0.2408 0.9989 6.9019E-3
Model with Dependent Errors 0.7109 0.7457 0.2328 0.9975 6.7755E-3
Reimburse if Burnt Ratio > 0.01%:
OLS Model 0.9108 0.9481 0.1059 0.9999 3.5634E-1
Conventional Spatio–Temporal Model 0.9073 0.9517 0.1235 0.9999 8.0182E-2
Model with Dependent Responses 0.9063 0.9549 0.1239 0.9999 7.7763E-2
Model with Dependent Errors 0.9102 0.9536 0.1187 0.9999 7.4655E-2
Reimburse if Burnt Ratio > 0.001%:
OLS Model 0.9939 0.9988 0.0133 1.0000 0.8504
Conventional Spatio–Temporal Model 0.9928 0.9991 0.0254 1.0000 0.5249
Model with Dependent Responses 0.9932 0.9993 0.0238 1.0000 0.5281
Model with Dependent Errors 0.9934 0.9992 0.0232 1.0000 0.5109
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Table 1.5: Validation Study of Index Insurance Programs (Premiums)

Model
Premium Per Acre

Mean Median Min Max Std.Dev.
Coverage = 150%:
OLS Model 27.11 19.92 16.18 243.55 18.44
Conventional S–T Model 25.90 19.80 16.65 150.26 14.47
Model with Dependent Var 25.68 19.89 16.76 149.06 13.80
Model with Dependent Err 25.72 19.91 16.60 112.81 12.90
Coverage = 100%:
OLS Model 35.41 27.44 23.29 275.29 20.44
Conventional S–T Model 34.59 27.77 24.24 173.67 16.18
Model with Dependent Var 34.55 28.05 24.39 172.96 15.50
Model with Dependent Err 34.51 28.00 24.08 132.04 14.47
Coverage = 50%:
OLS Model 52.61 43.65 38.98 322.54 23.00
Conventional S–T Model 52.72 44.98 40.97 210.64 18.37
Model with Dependent Var 53.09 45.57 41.13 210.72 17.67
Model with Dependent Err 52.89 45.54 40.48 163.73 16.49
Coverage = 10%:
OLS Model 96.10 86.20 81.04 394.48 25.42
Conventional S–T Model 97.31 88.72 84.27 272.59 20.39
Model with Dependent Var 98.09 89.75 84.00 273.24 19.66
Model with Dependent Err 97.72 89.59 83.04 220.78 18.35
Coverage = 1%:
OLS Model 124.89 114.85 109.62 427.16 25.75
Conventional S–T Model 123.46 114.76 110.26 300.88 20.64
Model with Dependent Var 123.19 114.87 110.41 300.54 19.86
Model with Dependent Err 123.23 114.88 110.21 247.94 18.51
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Table 1.6: Validation Study of Index Insurance Programs (Indemnity)

Model
Indemnity Per Acre Loss

Mean Median Min Max Std.Dev. Ratioa

Coverage = 150%:
OLS Model 13.73 0 0 1001.68 56.63 0.6078
Conventional S–T Model 16.66 0 0 1001.68 59.13 0.7256
Model with Dependent Var 17.31 0 0 1001.68 59.78 0.7520
Model with Dependent Err 16.99 0 0 1001.68 59.60 0.6929
Coverage = 100%:
OLS Model 21.87 0 0 1001.68 63.05 0.7198
Conventional S–T Model 24.20 0 0 1001.68 64.73 0.7597
Model with Dependent Var 26.75 0 0 1001.68 66.27 0.8210
Model with Dependent Err 24.53 0 0 1001.68 65.13 0.7305
Coverage = 50%:
OLS Model 41.65 0 0 1001.68 72.28 0.8580
Conventional S–T Model 46.96 0 0 1001.68 73.28 0.9498
Model with Dependent Var 48.77 0 0 1001.68 73.54 0.9712
Model with Dependent Err 45.75 0 0 1001.68 73.08 0.8987
Coverage = 10%:
OLS Model 97.40 113.38 0 1001.68b 62.83 1.0706
Conventional S–T Model 103.07 113.46 0 1001.68 58.77 1.0906
Model with Dependent Var 103.44 113.49 0 1001.68 58.48 1.0785
Model with Dependent Err 101.76 113.44 0 1001.68 59.79 1.0574
Coverage = 1%:
OLS Model 118.65 113.57 0 1001.68 41.89 0.9832
Conventional S–T Model 119.45 113.57 0 1001.68 40.67 0.9895
Model with Dependent Var 119.45 113.57 0 1001.68 40.67 0.9898
Model with Dependent Err 119.31 113.57 0 1001.68 40.89 0.9856

aDefined as the total indemnities divided by the total premiums.
bThis maximum amount paid out in indemnity corresponds to a total loss of 17,201
acres of forest land burnt by wildfire in Broward County in 1989, which is equivalent
to approximately 91% of its entire forest land area. Since the expected burnt ratio
for that year was only between 0.58% and 0.65%, unless the coverage level is larger
than 13,845%, this indemnity payment is always triggered. This maximum value is
unaffected by model specifications, as the indemnity per acre is calculated by equa-
tion (1.4.7), Timber V alue Per Acre ∗ Actural Burnt Ratio + Prevention Cost =
$983 ∗ 0.905086 + $112 ≈ $1, 001.68
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Figure 1.1: Burnt ratios by wildfire in three neighboring counties from 1981 to 2005
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(a) 1987 (b) 1988 (c) 1989

(d) 1990 (e) 1991 (f) 1992

(g) 1993 (h) 1994 (i) 1995

(j) 1996 (k) 1997 (l) 1998

Figure 1.2: County–level Florida wildfire outbreaks during 12 consecutive years: on each
map, 4 different colors represent 4 levels of outbreaks separated by quartiles.
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(a) Distribution of Burnt Ratio

(b) Zoom In: All Observations of Burnt Ratio Are
Positive

(c) Distribution of the Logarithm of Burnt Ratio

Figure 1.3: Distributions of burnt ratio and its logarithm
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(a) Average Burnt Ratio

(b) Average Premium Rate by OLS
Model

(c) Average Premium Rates by Con-
ventional Spatio–temporal Model

(d) Average Premium Rates by De-
pendent Responses Model

(e) Average Premium Rates by De-
pendent Errors Model

Figure 1.4: Average burnt ratio and estimated premium rates between 1983–2005, given
the trigger index =0.1%; 4 different colors represent 4 levels separated by quartiles.
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Chapter 2

Spatio–Temporal Modeling of
Southern Pine Beetle Outbreaks
with a Block Bootstrapping
Approach

2.1 Introduction

The southern pine beetle (Dendroctonus frontalis Zimmermann) is one of the most de-

structive pests in the U.S. forest sector. The earliest southern pine beetle (SPB) 1 out-

break on record in the U.S. could be as early as 1898 (Thatcher, 1981). Ever since then,

SPB outbreaks occur periodically about every ten to twelve years (Billings and Upton,

2010). In the Southern U.S., the development of the second generation of commercial

forest systems in the U.S. (i.e. wide adoption of pine trees), provided a suitable environ-

ment for SPB inhabitation. As both the size and the density of pine forests increase, SPB

outbreaks have been observed more frequently. This topic is of growing interest especially

when southern pine beetle (SPB) outbreaks have increased from undetectability in 1960s

to epidemics in recent years (Mawby and Gold, 1984; Gumpertz, Pye et al., 2000).

In the meantime, as a major timber producer in the world, the U.S. has been facing

1Southern pine beetle will be referred to as SPB hereafter
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rising challenges brought about by this spreading pest. The economic loss during a SPB

epidemic season could be as high as millions of dollars (Pye et al., 2004). For example,

Fox, Beal, and Smith (1964) reported that an intensive SPB outbreak consumed over

4.9 million acres of pine forest from 1962 through 1964 in Honduras. In the U.S., it

is documented that from 1960 to 1978 this pest killed nearly 9 million cords and 3

billion board feet of timber in 12 southern States (Alabama, Arkansas, Florida, Georgia,

Kentucky, Louisiana, Missouri, North Carolina, Texas, Tennessee and Virginia), and the

associated total economic loss was more than $225 millions2 (Pye et al., 2004).

Scholars from different scientific backgrounds have done extensive research on SPB.

Biologists have studied the individual SPB behavior while epidemiologists (Mawby and

Gold, 1984) have studied the SPB outbreaks within a certain range (i.e. a stand of trees).

Not until recently have the broadscale SPB outbreaks been recognized as an important

indicator to measure SPB hazard across a large spatial unit, such as a county. Such a class

of studies focused on studying the SPB outbreak probabilities to evaluate the associated

economic losses. Most such literature focused on whether a SPB outbreak would occur

in a county no matter how big or small the potential damage is. In other words, a

modest endemic and a destructive epidemic were treated indifferently. For example, Zhu,

Huang, and Wu (2005) used spatio–temporal Bayesian statistical methods to estimate

the county–level probability of SPB outbreaks in North Carolina.

Although broadscale probabilities of SPB infestations in the southern states have

already been studied with spatio–temporal models (Pye et al., 2004), the frequencies

of SPB outbreaks at the aggregate level (e.g. county) have less often been investigated.

However, the economic costs vary dramatically when the SPB activity fluctuates (Pye

et al., 2004). Obviously, the economic costs of SPB infestations are more closely related

2measured by US dollars in 1987
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to their intensities rather than their probabilities. For example, a SPB epidemic costs

much more than an endemic infestation does. Alhough timber losses are directly related

to the severity of outbreaks, the broadscale intensities of SPB outbreaks have almost not

been evaluated before. My study focuses on the broadscale intensity (frequency) of SPB

outbreaks, i.e. on the county level, in the aim of providing a better tool to analyze and

forecast broadscale SPB risks and associated economics costs.

At the same time, although SPB has been considered the primary mortality agent

of pine forests (Thatcher, 1981), no associated compensation mechanism exists. The

only assistance that farmers can utilize now is IRS tax credit. Like any business owner

who experiences an unexpected loss, timber farmers can file IRS tax forms to claim tax

deductions. However, such ex–post approach is not a form of compensation scheme in

the sense that it can only reduce income tax burden. In addition, since tax deductions

can only be granted after disasters, they can barely influence the risk profile.

Naturally we would like to survey the possibilities of other financial arrangements

that could protect timber farmers against SPB risks. One popular proactive option is the

Southern Pine Beetle Prevention Program supported by the U.S.D.A. – Forest Service.3

Such a federal program provides subsidies for prevention and restoration efforts. It offers

partial cost reimbursement or incentive payments for first pulpwood thinning, prescribed

burning, planting longleaf pine and mechanical underbrush treatments even if no SPB

spots are identified. This program has treated more than one million acres of forest lands.

However, its efficiency is still questionable since this program costs a huge amount of

government subsidies. On the state level, there exist a couple of SPB prevention programs.

A notable example is the Texas cost sharing program. It provides government subsidies

through cost sharing. Yet, it has a lot of restrictions. For example, it requires the share

3See details at http://www.fs.fed.us/r8/foresthealth/programs/spb prevention/spb prevention.shtml
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of loblolly / slash pines to be more than 70% and puts a cap on the total claim (i.e. total

cost shares must not exceed $8,500 per landowner or $17,000 for a partnership).

In economics, researchers often view pest control efforts into two categories, includ-

ing self–protection and self–insurance (Carlson, 1979). In practice, self–protection refers

to the measures taken by farmers to reduce the probability that a loss event happens.

Application of pesticide, herbicide and insecticide falls into this category. Obviously,

the Southern Pine Beetle Prevention Program has successfully encouraged the self–

protection control efforts. However, such a program mainly focuses on taking proactive

steps to prevent forests from SPB attacks, and it does not make direct compensations

for SPB caused losses. Self–insurance refers to the measures that could reduce economic

losses if a loss event happens. Examples include crop insurance policies and agricul-

ture futures contracts. Several classes of insurance plans, including both multi–peril and

single–peril plans, are currently available to lessen pest damage in agricultural practice.

Unfortunately, in the timber industry, insurance instruments against SPB are almost

non–existent.

A timber insurance plan, if available, would provide several advantages. First of all,

from an economics’ perspective, a financial arrangement that internalizes risks is the

most efficient way to compensate losses caused by disasters, such as SPB. Second, the

development of timber insurance products can attract both timber owners and financial

institutions to share the risks associated with timber production. Further, if compensation

provisions for mitigation costs are also stipulated in insurance contracts, government

support may become unnecessary in the future. In all, given the huge losses caused by

SPB every year, there might be a potentially enthusiastic demand for a related timber

insurance product.

Currently, almost all the timber insurance products available worldwide are all–risk
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plans. However, such a class of insurance plans can barely survive without government

subsidies. In Brazil, most commercial forest owners were unwilling to buy insurance until

2004, when the Brazilian authorities started to subsidize forest insurance premiums. In

2009, the estimated value of these subsidies reached almost $100 million (Kunzemann,

2009). In China, 50% of the forest insurance premiums are subsidized. As a result, the

plans have covered 18 million hectares of forests, with the insurance subsidy totaling $17

billion by June 2010 (Petry, Zhang, and Zhang, 2010). In the U.S. forest sector, without

government support, the overall nationwide forest landowners’ insurance participation is

close to zero.4

The failures of all–risks timber insurance plans without government support may

come from both adverse selection and moral hazard issues. Adverse selection is caused

by miscalculations of insurance premium rates. Since a multi–peril timber insurance

plan has to measure the risks of all hazard sources, regardless of tangible or intangible,

associated with timber losses, it might be too difficult to compute an actuarially fair

premium. As a result, high–risk agents are more willing to purchase insurance products

than low–risk ones, which leads to a adversely selected insurance pool. In contrast, a

single–peril insurance plan only requires considerations limited to risks associated with a

specific hazard, such as SPB in this study. An actuarially fair single–peril insurance plan

can be more easily implemented, and therefore has the potential to increase insurance

participation and to reduce adverse selection.

A moral hazard problem refers to insured agents’ efforts to increase the risks of losses

knowing that the potential costs of such risks will be borne by the insurance providers.

Moral hazard actions may range from simple mismanagement of properties to intentional

4Only two very small programs are found, including Davis–Garvin Agency’s standing timber insurance
and the Outdoor Underwriters’ standing timber insurance.
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fraud. If the insurer is unable to monitor such behavior on an individual basis, the insur-

ance program may be distorted and may suffer actuarial losses. As existing multi–peril

timber insurance policies are all individual policies with high monitoring and adminis-

tration costs, it becomes fairly difficult to eliminate moral hazard issues. However, index

plans, are generally more robust to such moral hazard concerns. If the actions of indi-

vidual agents are unable to significantly affect the aggregate index or index threshold

that governs coverage and establishes losses, issues associated with moral hazard may be

minimized. Moreover, as the aggregate level (e.g. county) statistics are abundant, the ad-

ministration costs can be much smaller. Therefore, a single–peril index insurance product

against SPB hazard is an ideal financial instrument for SPB risk management.

Another advantage that index insurance plans provide is that they can condition

purely on the pest damages (Carlson, 1979). Similar to crops, timber losses may be

complicated by various reasons. An individual insurance plan against SPB is difficult

to operate in the sense that it is almost impossible to separate insured damage from

uninsured damage in some occasions. For example, if a timber farm experiences both

SPB and wildfire (usually due to the downed timbers) within the same year, the loss

caused by SPB is almost unidentifiable. While individual plans heavily rely on the case–

by–case assessment, an index plan solely depends on the aggregate index, such as the

county level SPB outbreaks.

Our study focuses on SPB outbreaks in the southern states. Since SPB outbreaks

are found to be spatially and temporally autocorrelated (Figure 2.1 and Figure 2.2), it

is necessary to accommodate such issues using appropriate econometric methods. In our

paper, a block bootstrapping method with zero–inflated estimation has been proposed

to construct statistical models accounting for explanatory variables while adjusting for

spatial and temporal autocorrelation. With this approach, influences of environmental
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factors on SPB outbreaks and implications of pine forest management are also evaluated.

Almost all the explanatory variables, including soil moisture, temperature, tree species

and hurricane, have been detected to have significant impacts. Forestland size and the

government share of forestland would significantly contribute to SPB outbreaks. Soil

moisture is found to be helpful in lessening SPB outbreaks while hot weather has a

positive impact. Among the forestland ecosystem, loblolly / shortleaf pine and oak /

pine forestland would enhance SPB outbreaks while longleaf / slash and oak / gum /

cypress forestland would reduce SPB outbreaks. An interesting finding is that hurricanes

could lessen SPB outbreaks. Meanwhile, our method offers a way to forecast the frequency

of future SPB outbreaks, given the current environmental information of a county.

In general, the main economic contributions of our paper can be presented into several

folds. First, our paper provides a novel perspective to analyze SPB risks, which focuses

on the broadscale SPB intensities at the county level. Second, our study suggests a

viable financial instrument to hedge the SPB risks so that southern timber farmers can

be better positioned to protect their valuable pine properties. Third, we utilize a block–

bootstrapping method to model and forecast the spatio–temporally correlated SPB risks.

Last but not the least, implications for SPB pest control and forest management are also

discussed.

2.2 Risk Models and Insurance Contracts

As mentioned above, contagious pests such as SPB pose significant hazards to timber

properties and thus warrant a consideration of single risk index insurance plans. Such

plans may supply several benefits. First, actuarially fair timber insurance programs may

result in a free private market for risk sharing against the SPB hazard. Second, if carefully
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designed, the development of such programs can provide an instrument to mitigate SPB

risks and further lessen its spread.

In insurance contracts, an actuarially fair insurance premium (or premium rate) is

calculated based upon knowledge of risks. Any effective insurance scheme relies on a full

comprehension of all underlying risks associated with potential loss events. The actuar-

ially fair rate is the rate (expressed in terms of total premium as a percentage of total

liability) that sets total premiums equal to expected total indemnities. For instance, if

someone expects to pay $10,000 in a typical year on an insurance contract that covers

up to $200,000 in total liability, the actuarially fair premium rate is 0.05 (or 5%).

To measure the actuarially fair premium rate, we always model the conditional prob-

ability density or a cumulative distribution function that underlies the risks associated

with possible outcomes. In some occasions, a loss is an all–or–nothing event. If such a

loss event is denoted as z = 1, the probability of this loss event is usually modelled as

a function that is conditional on a vector of observable covariates X and the associated

parameter estimates vector β, i.e.

P (z = 1) = F (Xβ). (2.2.1)

Life insurance policies provides such an example, when a fixed indemnity will be paid

only upon death of the insured. This kind of insurance scheme simplifies the premium

calculation, because the payout amount is predetermined, and an actuarially fair premium

rate is equivalent to the conditional probability that a loss event occurs. The expected

loss can be expressed as

E(Loss) = P (z = 1) ∗ E(loss|z = 1). (2.2.2)
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If the contract specifies a fixed indemnity in case of a loss event (i.e. E(loss|z = 1) =

Payment is predetermined), then a fair premium is equivalent to

E(Loss) = F (Xβ) ∗ Payment, (2.2.3)

and the actuarially fair premium rate is equal to the probability of loss.

However, such insurance products may not accommodate SPB hazards well since a

SPB attack does not always imply a total loss. The pulp yields from SPB killed pines

are only slightly lower than green–cut pines. For paper quality, even for SPB killed pines

dead for more than 90 days, over 80 percent of veneer volume, over 60 percent of grade C

and better veneer and over 75 percent of wide veneer can be recovered. Surprisingly, for

gluing quality, panels from beetle–killed pines dead for 45 days only fail all requirement

by a narrow margin while trees dead for 180 days can pass requirements (Insect and

Management, 1979). Further, because of the marks left by SPB inhibitation, there is a

marketing possibility for such blue–stained paneling for its “character marks to create

rustic atmosphere”.

A more general form of the actuarially fair premium can be expressed as the expected

loss conditional on all possible loss outcomes,

E(lossst) =

∫
E(Paymentst|zst,Θst) ∗ f(zst|Θst) dzst, (2.2.4)

where zst is an indicator that one of the claim provisions has been triggered (i.e., that

a loss event has occurred). Θst represents the prior information set of conditioning vari-

ables that are conceptually relevant to the risks, and f(zst) represents the corresponding

probability density function of the loss event. Since such an insurance scheme can com-
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pensate any losses caused by SPB infestations, if calculated accurately, it might provide

a comprehensive protection for individual pine owners against the SPB hazard. However,

there are at least two difficulties that may complicate the implementations of such in-

surance products. First, the magnitude of a pine loss, equivalent to E(Paymentst|zst),

is strictly related to the severity of SPB infestations zst. In other words, the two terms

in the integral are correlated. Thus an accurate calculation must require a further inves-

tigation of such correlation. Second, even if we can identify the timber loss as a closed

function (or estimated) form of SPB severity, the huge spatio–temporal variations of SPB

infestations (Figure 2.1 and Figure 2.2) make it costly to monitor and measure such risks

at an individual level.

A group insurance plan at the county level may be able to overcome such complica-

tions. One advantage of group insurance plans is that they can smooth risks across the

whole county by basing coverage on an aggregate index. In addition, when the indem-

nity payments are explicitly predetermined, the actuarially fair premiums can be easily

computed as long as the density distribution of the index is accurately estimated. A plau-

sible index can be based on annual SPB outbreaks (measured by identified spots) within

a county. In a hypothetical timber insurance program, the claim procedure could work

as follows. Before the beginning of the insurance period, both insurance providers and

pine owners agree on an indemnity trigger index of SPB spot finds, say z̃st = 100, and

the insured agents pay premiums to insurance companies. At the end of the insurance

period, the federal or state authority publishes the values of SPB spot finds for each

county. When the actual SPB outbreaks zst in a county exceeds the threshold stipulated

in the contract, say 100 spots, every insured pine owner in this county will receive a fixed

payment. Note that payments are made to all the insured, regardless of whether they

experience SPB induced losses or not. Such is the nature of index coverage. Meanwhile,
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if the realized SPB spots are smaller than 100, then no one receives a payment. There-

fore, if the predetermined SPB spot finds that will trigger claims is z̃st (e.g., 100), the

actuarially fair premium can be written as

E(loss)st = Pr(zst > z̃st|Θst) ∗ E(Paymentst|zst > z̃st,Θst). (2.2.5)

At the same time, the premium rate, which is the ratio of the premium to the liability,

is the term Pr(zst > z̃st|Θst) on the right hand side.

The central piece of any insurance contract is to precisely model the loss probabilities

conditional on relevant information. Therefore, understanding factors that loss probabil-

ities should be conditioned on is crucial. For example, in modeling automobile insurance,

age and education of the insured are usually explicitly recognized when assessing risks

of accidents. As long as observable factors are pertinent to the risks underlying an in-

surance contract, a more accurate actuarially fair premium can be constructed if these

factors are considered. Thus, it becomes very important to select an appropriate group of

independent variables. In SPB prevention practice, it is found that several environmen-

tal factors are crucial risk contributors. For SPB insurance, factors such as tree types,

characteristics of forest land and weather are important risk determinants.

In the design of an insurance program, some operational issues should also be consid-

ered. One crucial component of insurance provisions is the insurance period. In agricul-

tural insurance contracts, the insurance period is usually specified on a calendar year or

crop season basis. The insurance protection covers associated risks from the beginning

of the insurance period until the end of the insurance period. With no loss of generality,

we also assume an insurance period corresponding to a calendar year in this study. It

is important to identify insurance periods because risks can only be conditioned (i.e.,
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modeled) upon information available prior to the beginning of an insurance period. For

example, temperature is recognized as a significant cause of SPB survival rates. Although

temperature may be to some extent predictable by using various climate models, realized

precipitation in year t + 1 is generally unknown in year t. In contrast, the temperature

records in year t are available when insurance coverage for year t + 1 is determined.

Therefore, in our analysis insurance parameters are always conditioned on variables that

are observable in the prior year before the terms of coverage are determined.

2.3 Empirical Analysis

2.3.1 Econometric Specifications

First of all, an OLS regression is applied as the benchmark model,

yst = Xs,t−1β + εst, (2.3.1)

where yst is a SPB risk indicator and Xs,t−1 is a vector of lagged observable covariates.

However, biological evidence confirmed that SPB outbreaks are spatially and temporally

autocorrelated. Pheromone attractants, which SPB use for the communication purpose,

can attract nearby SPB to inhibit on the infected trees. For example, SPB spot grows con-

tinuously and colonizations are spatially concentrated. Migration of SPB within forests

can occur over either long distances or short distances. Particularly, the long distance

migration is evidenced by Borden (1974) and Hedden and Billings (1977). It is found that

the SPB population density follows some spatio–temporal patterns during each stage of

SPB life history, i.e. colonization (Fargo et al., 1978), re–emergence (Coulson et al., 1978),

survivorship (Coulson et al., 1979), and emergence (Coulson et al., 1977). In addition,
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research on broad–scale SPB risks also found spatio–temporal patterns of probabilities

of SPB outbreaks (e.g. Gumpertz, Pye et al. 2000; Pye et al. 2004; Zhu, Huang, and Wu

2005).

To analyze the spatio–temporally correlated SPB outbreaks, we consider including

both temporal and spatial lags of the dependent variable in order to control spatio–

temporal autocorrelation. An example of such models, if only the first order lags are

included, may be expressed in the form of

yst = ρys̄,t−1 + qys,t−1 +Xs,t−1β + εst, (2.3.2)

where ys̄,t−1 represents the average of all {yi,t−1}, given i ∈ Θs and Θs represents the

set of all spatial units bordering county s. Further, since the dependent variable is a

frequency, two models for count data are also applied, including the Poisson model and

the negative binomial (NB) model.

A major challenge arises from the fact that the SPB spots’ distribution has a heavy

weight on 0s (Figure 2.3). To accommodate this issue, we propose using zero–inflated

count models. One candidate is the zero–inflated Poisson (ZIP) model (Lambert, 1992),

where the discrete density function can be written as

Pr(Yst = yst) =

 ωst + (1− ωst)exp(−λst), yst = 0

(1− ωst)exp(−λst)λyst/yst!, yst > 0

(2.3.3)

In this paper, we assume the parameters λst and ωst both depend on the same set of
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covariates Xs,t−1. Accordingly the link functions are expressed as

log(λst) = X ′s,t−1β, (2.3.4)

log(ωst/(1− ωst)) = X ′s,t−1γ. (2.3.5)

Similarly, we apply another zero–inflated count model, which is the zero–inflated nega-

tive binomial (ZINB) model (Ridout, Hinde, and DemeAtrio, 2001) with a probability

function as

Pr(Yst = yst) =

 ωst + (1− ωst)(1 + αλst)
−1/α, yst = 0,

(1− ωst)Γ(yst+α−1)
yst!Γ(α−1)

( α−1

α−1+λst
)α

−1
( λst
α−1+λst

)yst , yst > 0,

(2.3.6)

where α(≥ 0) is a dispersion parameter not dependent on covariates. The link functions

are same as the ZIP model’s. Compared with the zero–inflated Poisson model whose scale

of the distribution is fixed to be one, the zero–inflated negative binomial model allows

for a over dispersion of the scale. Hence, the latter model may have more flexibility to

address over–dispersed observations.

To further control for the spatio–temporal autocorrelation of SPB risks, we adopt

a block bootstrapping method. Ever since Efron (1979) proposed the bootstrapping

method, it has become a powerful statistical tool. Although the original bootstrapping

method can only handle independent observations well, the strong autocorrelation of

SPB outbreaks brings about a major challenge. Motivated by the method to bootstrap

overlapping blocks in the autoregressive time series scenario (Kunsch 1989) and block

bootstrapping method of dependent data from a spatial map (Hall 1985), we utilize a
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spatio–temporal block bootstrapping approach. First of all, we attribute all the county–

year observations into predetermined spatio–temporal blocks. Each block contains several

observations which are adjacent either spatially or temporally. Second, we randomly sam-

ple the blocks with replacement. After sampling N blocks, we perform statistical analysis

for all the observations contained in these N blocks and obtain the estimates of our in-

terest. Still, to recognize that quite a few observations are zeros, the zero-inflated models

are again applied during the estimation stage. Then we repeat the second step by B

times in order to construct non–parametric distributions of the estimates. By selecting

an appropriate block size, spatio-temporal correlation can be minimized.

2.3.2 Discussion of Data

Our study focuses on SPB outbreaks in the southern states. The SPB database was

obtained from the U.S.D.A. Forest Service, Southern Research Station. It contains the

county–level records of SPB spots found every year in 10 southern states. As observations

from different states have different time spans, for consistency, we use a subset of this

database, which includes the records of all the counties of North Carolina, South Carolina,

Georgia and Alabama from 1991 to 2004.5 In addition, the national forestry inventory

and analysis (FIA) database and the national weather database have supplied ecological

information of forestland and weather condition respectively. The dependent variable in

this study is the annual county–level SPB spots find.6 As mentioned above, distribution

of the dependent variable is extremely right skewed with a heavy weight on zeros. In

addition, its time series (Figure 2.1) and spatial maps (Figure 2.2) exhibit obvious spatio–

5Such a time span is determined by the availability of observations. Although the original data dated
back to 1960s, observations before 1991 contain a significant amount of missing values.

6Observations of this variable may contain measurement errors due to different sampling methods.
However, as this variable is the only variable that we can obtain to describe the intensities of SPB
outbreaks, we still decide to use it while controlling for the measurement errors.
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temporal pattern.

Previous studies have found some causal factors that are related to SPB outbreaks.

We carefully select a set of relevant regressors in this study. Forest management practice

and previous research found that several observable factors are associated with SPB risks.

Since poor tree vigor is a main factor for SPB attacks (Hicks et al., 1978), soil moisture

directly impacts tree susceptibility. For example, Lorio and Peter (1968), Bennett (1968)

and Belanger, Hatchell, and Moore (1976) reported that infestations are more likely

to occur on wet or moist sites than dry sites. However, Moore and Thatcher (1973)

, Craighead (1925) and Beal and Massey (1945) found a positive relationship between

SPB epidemics and drought. In our study, we use the SP12 index in December to measure

soil moisture. Its impact will be examined.

Belanger, Osgood, and Hachell (1979) proposed that a proper management of tree

species composition can work as a viable method to reduce losses by SPB. A phenomenon,

termed resinosis, is crucial in SPB host selection. Resin flow not only prevent SPB from

attacking, but also can crystalize adults and eggs within galleries. Longleaf and slash pines

generally produce more resin than loblolly and shortleaf pines. As a result, both loblolly

and shortleaf pines are regarded as more susceptible host tree species. Thus the SPB

Prevention Program suggests planting longleaf and slash pines as a proactive method.

The sizes of several categories of forest lands are included in covariates to measure their

various impacts. They are loblolly/shortleaf pine forest land, long–leaf slash pine forest

land, oak/pine forest land, oak/hickory forest land and oak/gum/cypress forest land.7

Temperature is considered as the greatest single abiotic influence in every life stage of

SPB (Fronk, 1947; White and Franklin, 1976). Temperature extremes affect beetle activ-

7Timber density, i.e. overstocking, is an important causal factor of beetle epidemics. Schenk et al.
(1977) found that trees are fairly susceptible to beetle attacks when inter–tree competition is intense. In
this study, sizes of different forest types are used as a proxy to measure overstocking.
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ity and survival (Moore and Thatcher, 1973), meaning that both hot and cold weather

can be fatal to SPB. On one hand, insect survival is directly affected by high temper-

atures, because the longevity of adult SPB is limited under hotter weather (Coulson

et al., 1980). For example, Beal (1933) found that a couple of hours’ exposure to forty–

four centigrade is fatal to all SPB life stages. Also a high temperature can shorten adult

SPB longevity between trees. Tree evapotranspiration potential, which is found to be a

significant factor of SPB outbreak trend (Kalkstein, 1976), is also related with temper-

ature. In addition, SPB’s communications by pheromones and attractants are impacted

by high temperatures in the summer (Fares, Sharpe, and Magnuson, 1980). On the other

hand, low temperatures can limit the flight capacity of SPB. Franklin et al. (1970) found

that SPB Flight activity is inhibited when temperatures drop below ten centigrade. To

measure year long temperatures, we use the daily average of Heating Degree Day (HDD)

index.

Natural disasters, such as hurricane and lightning, are hypothesized to be causal

factors of SPB outbreaks. Since tree vigor is crucial for SPB host selection, weakened

or dying trees, especially downed timbers caused by such disasters are favorite targets

of SPB attacks. Even the affected standing trees, if still alive, will become much less

vigorous (Thatcher, 1981). Particularly, hurricane is assessed since wind is found to be

related with SPB outbreaks (Lorio and Bennett, 1974). In addition, as an important

hazard source for timber losses, lightning is also evaluated in this study.

Human intervention always plays an important role in pest control. In agricultural

practice, to reduce pest damage to crops, farmers usually adopt field scouting at the

beginning of the crop season to decide whether to apply pesticides. Similarly, timber

farm owners may also use such preventive methods. Although the detailed data on such

prevention efforts are unavailable, a proxy for human activities on the forest land is
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considered. Ownership of timber farms, either private owners or public owners such as

the federal or state governments, may reflect the associated management styles and thus

should be linked to preventive actions. In this study, the size of federally owned forest

land is included in the covariates. Although in some states forest agencies are authorized

by the state laws to practise SPB controls on affected lands regardless of its ownership

(Thatcher, 1981), diffferent classes of forestland owners may still have varying manage-

ment objectives (i.e. logging vs recreation) and therefore have diversified levels of concern

for SPB control. For example, logging is viewed as a causal factor for beetle outbreaks

since logging residues provide a comfortable environment for beetle brood (Schmid, 1977).

In addition, SPB outbreaks can occur or worsen in situations where no control is prac-

tised, and can easily cause further losses on adjacent lands. Therefore, it is essential to

include forestland ownership data as a proxy to measure human interventions.

Other than aforementioned underlying factors, measurement errors of the response

variable in this study, though easy to ignore, are also of great concern. The survey method

to evaluate SPB outbreaks varies from one state to another. Some states use filed–scouting

methods. They randomly choose some sampling sites, inspect the SPB damage and esti-

mate the overall infestations. In some other states, inspectors take aircrafts over a large

area of forests to find out whether a SPB epidemic takes place.8 As a result, the SPB

spots reported from different states may be substantially influenced by the inspection

methods that they choose. To accommodate this issue, state indicators are adopted in

the covariates to measure these fixed effects.

Summary statistics and definitions of SPB outbreaks and explanatory variables are

presented in Table 2.1. This study utilizes annual county–level observations for all 372

8We are greatly thankful to USDA Forest Service, Southern Research Station at RTP to provide us
this important information.
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counties in Alabama, Georgia, South Carolina and North Carolina between 1991 and

2004. This results in 5208 county–year combinations. All independent variables are lagged

one year because conditional information is only available prior to the insurance period.

2.3.3 Preliminary Results

The results of four preliminary models, including the ordinary least squares regression

(equation 2.3.1), the linear spatio–temporal linear regression (equation 2.3.2), the Poisson

regression (euqation 2.3.3) and the negative binomial regression (equation 2.3.6), are

presented in Table 2.2 and Table 2.3. The results from these four models suggest that

almost all the conditioning explanatory variables have statistically significant impacts on

SPB outbreaks, except for very few covariates, such as the hurricane frequency measure

in some occasions.9

For the two linear models, the overall fit is sufficient, especially given the fact that

the records are from a panel data. Besides, multi–collinearity among the covariates is

successfully controlled for, as both the variance inflation index (VIF) and condition index

are small. Compared with those in the OLS model, the magnitudes of most coefficients

are smaller in the linear spatio–temporal model. This implies that to ignore the spatio–

temporal correlation may exaggerate the influences by the covariates, which may lead to

miscalculations of insurance premiums. In the second model, the temporal dependence

is found to be significant while the spatial dependence is statistically insignificant and

fairly small in magnitude.10 Even worse, the linear spatio–temporal dependence structure

cannot alleviate spatil autocorrelation which is still pervasive among residuals. As we

9For the state dummy variables, there may exist biases in the least square estimators (Arellano and
Bond, 1991).

10As noted in the 1st essay, such an issue may come from the misidentification of linear models, i.e.
to model lagged spatial dependence instead of contemporaneous dependence.
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noted above, such a failure may be due to the fact that a dominant share of observations

are located at the origin. Such a characteristic suggests that linear models may not suit

data adequately, and other types of modelling specifications like count model may be

more appropriate.

The two count models, both the Poisson regression and negative binomial regression,

have performed slightly better than linear models. For instance, the spatial dependence

is found to be significantly positive, which makes more sense as the SPB hazard is con-

tagious. However, autocorrelation tests for the residuals, strongly challenge the validity

of these two models. Although temporal autocorrelation is successfully controlled for,

neither model sufficiently corrects for spatial autocorrelation.11 Spatial autocorrelation

is found in most years, i.e. over three quarters of the time span. Such a disappointment

may still come from the inaccurate modelling specifications. Although the Poisson and the

negative binomial models both allow for observations of zeros, they cannot adequately

address the scenarios when a preponderance of zeros are observed in the distribution

(Figure 2.3).

2.3.4 Results of Zero–Inflated Models

Table 2.4 and Table 2.5 present the results of the ordinary zero–inflated models and their

variant versions with block bootstrapping methods. The estimates of most parameters

are consistently significant in these four models. Also as we mentioned earlier, signifi-

cant estimates of the state indicators suggest that there exist measurement errors in the

observations of SPB spot finds.

Land characteristics affect SPB risks through various ways. First of all, human in-

11Each county is checked for first order autocorrelation using the Breusch–Godfrey test at the 5%
significance level. Spatial autocorrelation is checked using Geary’s C index permutation test at the 5%
significance level every year.
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tervention, which is implied by the ownership types, matters. National forests are sus-

ceptible to SPB infestations. Unlike private owners who may only own a small scale

of non–industrial timbers, the federal government is not expected to be able to closely

monitor properties all the time. Second, different forest lands have heterogeneous risk ex-

posures. As the host type for SPB inhabitation, loblolly / shortleaf pine forest land has

a significant impact on the magnitude of SPB outbreaks. Similarly, oak/pine forest land

and oak/hickory forest land are vulnerable to SPB hazard. At the same time, long–leaf

/ slash pines can significantly reduce the SPB risks, which supports the SPB Prevention

Program’s suggestions. Oak/gum/cypress forest lands can also lessen SPB infestations.

Climatic factors, such as temperature and drought, are expected to significantly in-

fluence the frequencies of SPB outbreaks. Although both low (Franklin et al., 1970) and

high (Fares, Sharpe, and Magnuson, 1980) temperatures are reported as fatal factors to

SPB, in this study it is found that cold weather plays a more significant role in alleviating

the SPB activities. Similarly, it was debated whether dry or wet sites are more susceptible

to SPB infestations. In our results, though, it is found that higher SPB risks are more

closely related to drought.

Natural disasters, though sometimes not significantly, affected SPB activities in differ-

ent ways. On one hand, lightning can help intensify the SPB outbreaks, i.e. its estimates

are positive in the regressions on the positive finds. Yet how lightning can affect the

probabilities of SPB outbreaks remains unclear, i.e. its estimates are instable in signs

and sometimes insignificant in the Logit selection part. On the hand, contrary to our

conjecture, in most scenarios hurricane incidences will alleviate SPB hazard. A possible

explanation is that other than leave downed timbers untreated on the ground, forest agen-

cies in the south region usually manage to remove these downed timbers after hurricane

strikes in a timely manner.
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One evidence to support these zero–inflated modelling specifications is that spatial

autocorrelation among residuals has been reduced. Even for the ordinary zero–inflated

Poisson and zero–inflated negative binomial models, there is less spatial autocorrelation

found in the residuals. This suggests that using zero–inflated models to account for ex-

cessive zeros in the observations provides better statistical analysis. Moreover, spatial

autocorrelation is further reduced by block bootstrapping methods (i.e. the percentage

of years with spatially autocorrelated residuals drops from around 80% to close to 50%).

This improvement suggests that such non—parametric methods may be extended to

other sceniors where spatio–temporal autocorrelation concerns.

Last not the least, to verify the advancements made by the zero–inflated models,

we adopt two tests for model comparisons. The models under scrutiny consist of both

preliminary ones and zero–inflated ones. As not all the models are nested to each other,

we adopt two types or likelihood ratio tests applicable for non–nested model selections.

One is Vuong’s test (Vuong, 1989) and the other is Clarke’s sign test (Clarke, 2007). The

null hypothesis of the latter one is

H0 : Pr0[ln
f(Yi|Xi; β∗)

g(Yi|Zi; γ∗)
> 0] = 0.5, (2.3.7)

and the test statistic can be expressed as

M =
n∑
i=1

I(0,+∞){ln
f(Yi|Xi; β̂∗)

g(Yi|Zi; γ̂∗)
} (2.3.8)

where M ∼ B(n, 0.5). The results reveal that the spatio–temporal models are preferred,

count models are more favorable and the zero–inflated negative binomial model performs

best in this study. 12

12Block bootstrapping results are not checked since they are derived from non–parametric methods
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2.4 Insurance Premiums

The primary goal of our empirical analysis is to construct models that can precisely esti-

mate actuarially fair premiums conditional on observable covariates. An actuarially fair

premium that abstracts from administrative and operating costs (including any return to

capital) associated with the program should be set equal to the expected loss. Since the

indemnity payment of index insurance plans is usually pre–determined as a fix amount,

an actuarially fair premium (equation 2.2.5) can be re–written as

Premiumst = E(lossst) = Paymentst ∗ Pr(Zst > Z̃st|Θst), (2.4.1)

where Zst > Z̃st denotes that the trigger index Z̃st has been surpassed, meaning that the

loss event occurs. Such a predetermined payment Paymentst can be a function of either

the realized index Zst (as describe in the first essay) or the trigger index. The latter is

widely adopted in agricultural insurance such as rainfall index plans. If the indemnity

payment is independent of realized index, the only focus is to model the probability of

the loss event, which is equivalent to the premium rate.

The indemnity payment, however, is still of great importance since an effective com-

pensation scheme is crucial for insurance programs to sustain in the long run. As a timber

insurance product, its indemnities should closely reflect the value losses of timber prop-

erties caused by SPB infestations. There are four popular treatment methods for SPB

killed timbers, including (1) removal and salvage (cut–and-remove), (2) cut–and–leave

or cut–and–top, (3) fell and spray with insecticides (cut–and–spray), (4) fell, pile and

burn (pile–and–burn). Among all these four options, salvage remains the most economic

method to treat epidemic infestations (Swain and Remion, 1980). Yet, since SPB infesta-

and the tests are only applicable to parametric models.
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tions are usually small and scattered, it is almost impossible to completely salvage SPB

infested timbers. It is reported that once a pine is infested, the economic loss will be at

least 50 percent of its timber value (Thatcher, 1981). A reasonable indemnity amount

may be calculated based on such an estimate.

Further, a carefully designed insurance scheme in compliance with policy goals may

benefit the society in general. For contagious hazards like SPB, if mitigation actions can

be compensated through insurance programs, overall risk profile may be affected towards

a desirable direction. Thus, one possible plan would be

Paymentst =(Insured Acres)st

∗ [(Pine V alue Per Acre)st ∗ 50% + (Mitigation Cost)],

(2.4.2)

given SPB epidemics occur. Mitigation costs are used to compensate forest owners’ miti-

gation actions against SPB, such as timber thinning and prescribed burning. 13 If such a

program becomes available, the government may choose to encourage mitigation actions

by subsidizing premiums to reduce wildfire in the long run. 14 Although such mitigation

actions have already been subsidized by the government through the SPB Prevention

Program, a subsidy based on market behavior might be more efficient. For instance, in-

surance purchasing decisions are more closely tied to underlying risk profile, which might

be even unobservable. However, the focus of this study is not to make arguments in

favor of or against government intervention. Even if no subsidy is provided, as long as

13Even unaffected timber owners can ask the SPB Prevention Program to subsidize mitigation actions
such as thinning and logging if they find their trees susceptible to SPB attacks, but mitigation actions
are not mandatory. For example, even though overstocking may potentially cause SPB inhibitions, not
all the timber owners with this issue will do thinning.

14For this index insurance product, to encourage such mitigation actions should reduce the overall
SPB risks in each county if the participation rate is high enough. However, if not, subsidized mitigation
actions such as thinning by an insured timber owner will likely inflate the SPB risks of his uninsured
neighbors who do not perform mitigation actions.
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the distribution of SPB outbreaks is accurately measured, the premium charge will be

actuarially fair.

In SPB control practice, the SPB intensity (density) is measured by the number of

spots per thousand acre host pine. An epidemic is deemed as more than one multiple–tree

spot per thousand acres of host type.15 Hence, for simplicity we define the loss event to be

a SPB epidemic. In other words, the condition to trigger indemnity payments, expressed

as Zst > Z̃st, is equivalent to Zst > Host Acres/1000. Thus the trigger index can be

written as Z̃st = Host Acres/1000. Since the distribution density of SPB spots can be

estimated, the premium rate (or loss probability) can be conveniently obtained.

Summary statistics of the estimated premium rates using zero–inflated models are

presented in Table 2.7. First of all, the overall results obtained from the four models

are similar while the results obtained from zero–inflated negative binomial models are

less extreme. Second, the smallest difference in the premium rates between the models is

found in the state of Alabama. The main reason behind this is that Alabama has the most

outbreaks and the variation pattern should be more close to the whole map. With the

same reason, the premium rates in Alabama remain highest. Third, the premium rates

in North Carolina are relatively smaller. This coincides our previous finding that the low

temperature will limit SPB infestations. Forth, the difference in premium rates between

different models is relatively larger in South Carolina. It implies that there may exist

some idiosyncratic attributes of the SPB infestation pattern in this state that completely

differs from others. Figure 2.4 has compared the map of average SPB spots (Figure 2.4.a)

with maps of the estimated average premium rates using different zero–inflated models

(Figure 2.4.b-e). The overall resemblance between all the maps has suggested an adequate

modeling specification, such as an appropriate selection of covariates and fitting methods.

15In this study, the host type refers to lolly / shortleaf pine only.
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2.5 Conclusion

Without viable financial instruments to hedge risks brought about by pervasive hazard

like SPB, the U.S. timber owners often find themselves with no consolations after disas-

trous pest epidemics. Our study, however, suggests a potential approach to compensate

their losses at no cost of overall social welfare. A single–peril index insurance scheme

against SPB risks is proposed and associated actuarially fair premium rates are esti-

mated. Hypothetically, if such an insurance program becomes available, a private market

for risk sharing of pest damages and cost sharing of pest control will emerge. Compared

with a direct subsidy from the government which is completely exogenous and usually

results in a welfare loss, such a market mechanism should be more efficient in pricing

risks.

The main subject in this study, unlike previous research, is the broadscale frequency

of SPB infestations, i.e. county–level spot finds. Such a choice is dictated by the fact

that economic losses caused by this pest are more related to its intensities rather than

probabilities. Therefore, this study should be helpful to identify the pattern of SPB

infestations and precisely estimate the associated costs. The distribution of this variable,

though, is extremely right skewed with excessive zeros. In order to better estimate its

probability densities, we adopt zero–inflated count models. Particularly, a zero–inflated

negative binomial model fits best. As a pest with adequate mobility, SPB is generally

viewed as a contagious hazard and their infestations are usually found to be spatially

and temporal correlated. To control for spatio–temporal autocorrelation of SPB risks, a

non–parametric block bootstrapping method is used. The estimation results suggest some

potentially important forest management implications. Most covariates are found to be

significantly causal factors for SPB risks. For example, drought and high temperatures
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appear to enhance SPB hazard significantly. Another prominent finding is that different

tree species can affect SPB hazard through fairly different ways. Thus timber owners and

forest agencies may take preventive actions to protect pine properties against SPB by

managing forests appropriately, such as to expand the establishments of certain types of

tree stands, like long / slash pines.

Further, we have designed an insurance plan to compensate the losses caused by SPB

epidemics. Such an index program is based upon county–level statistics. An indemnity

payment is triggered when an epidemic occurs. Associated actuarially fair premium rates

are calculated and mapped. Since SPB risks are spatio–temporally correlated, mitiga-

tion actions might introduce positive externality which might lessen the transmission of

SPB hazard. Thus, it is suggested that an indemnity payment consists of both timber

loss and mitigation costs. From the government’s perspective, such a hypothetic insur-

ance program may become an alterative outlay for the SPB mitigation subsidy funds. The

government and the society in general may benefit from such an approach since insurance

may be more widely available and high–risk agents are more easily targeted. However,

risk profile may evolve after insurance adoption and strong spatio–temporal dependence

of SPB risks may also cause moral hazard issues. Therefore, this study only focuses on

modelling SPB risks and estimating associated actuarially fair premium rates with pro-

posed index insurance products. The necessity and effectiveness of possible government’s

involvement in the SPB disaster payment markets remains open for future research.
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Table 2.1: Definition and Statistics of Variables

Variable(County Level) Definition N Mean Median Min Max Std. Dev.
SPB spots Total finds of southern pine 5208 47.9247 0 0 3736 175.5377

beetle spots
Loblolly /shortleaf pine Size of loblolly / shortleaf 4836 0.6427 0.5120 0 3.1911 0.5141
forestland pine forestland (in 100,000 acres)

Long /slash pine Size of long / slash 4836 0.1492 0 0 2.8126 0.3449
forestland pine forestland (in 100,000 acres)

Oak/pine forestland Size of oak/pine forestland 4836 0.3229 0.2538 0 1.6833 0.2471
(in 100,000 acres)

Oak/hickory forestland Size of oak/hickory pine 4836 0.6171 0.5097 0 3.6393 0.4872
forestland (in 100,000 acres)

Oak/gum/cypress Size of Oak/gum/cypress 4836 0.2589 0.1386 0 1.7272 0.3140
forestland forestland (in 100,000 acres)

National forestland Total size of all national forests 4836 0.0801 0 0 1.9467 0.2201
(in 100,000 acres)

Daily average Sum of daily Heating Degree Day 4836 7.6697 7.4959 3.6932 14.8986 1.9793
of HDD Index indices within a year divided by 365

December SP12 index Next year’s probability of observing 4836 0.2400 0.3300 -2.4200 2.5200 0.9044
a given amount of precipitations

Lightning incidences Annual count of lightning strikes 4836 0.0612 0.0485 0.0035 0.6208 0.0482
(in 100,000 strikes)

Hurricane incidences Annual count of hurricane strikes 4836 0.0275 0 0 2 0.1746
within 40 miles of a county’s centroid
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Table 2.2: Estimates and Statistics from Preliminary Regressions: Linear Models

Parameter
OLS Model Linear S–T Model

Estimate Std Err Estimate Std Err
Ys̄,t−1 -0.0065 0.0272
Yt−1 0.4221*** 0.0196
Intercept 92.6302*** 17.8142 74.0300*** 16.1581
Loblolly /shortleaf pine 27.4365*** 7.3387 11.4254* 6.6710
Long /slash pine -1.8201 9.1881 -8.7693 8.3330
Oak/pine forestland 81.2977*** 16.2813 48.5527*** 14.7863
Oak/hickory pine 24.2640*** 8.1748 13.5192* 7.4153
Oak/gum/cypress -110.8583*** 12.0092 -77.6221*** 10.9371
National forestland 38.1110*** 11.6408 25.0387** 10.5592
Daily average HDD -6.0682*** 2.0160 -6.5262*** 1.8325
December SP12 index -35.9901*** 2.6819 -28.6874*** 2.4524
Lightning incidences -168.6324** 78.3209 35.1953 71.3240
Hurricane incidences -9.3680 14.0540 -5.1618 12.7383
GA -38.2794*** 9.6412 -21.0616** 8.8079
NC -33.4611*** 10.0839 -10.8491 9.2340
SC 121.7320*** 10.5785 76.1462*** 9.6892

Summary Statistics
Ajusted R2 0.1633 0.3132
Max. VIF 4.00290 4.07039
Max. Condition Index 24.26999 24.79429

Autocorrelation Test
Percentage of Years when Spatial 100% 92.31%

Autocorrelation found in Residuals
Percentage of Counties where Temporal 1.61% 4.83%

Autocorrelation found in Residuals
NOTE: *, ** and *** represent significance at 10%, 5% and 1% respectively.
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Table 2.3: Estimates and Statistics from Preliminary Regressions: Count Models

Parameter
Poisson Model Neg. Binomial

Estimate Std Err Estimate Std Err
Ys̄,t−1 0.0002*** 0.0000 0.0020*** 0.0007
Yt−1 0.0005*** 0.0000 0.0030*** 0.0006
Intercept 4.2403*** 0.0174 2.7403*** 0.3338
Loblolly /shortleaf pine 0.2891 *** 0.0048 0.9334*** 0.1406
Long /slash pine -2.0170*** 0.0208 -0.9348*** 0.1655
Oak/pine forestland 0.9556*** 0.0114 0.1645 0.2973
Oak/hickory pine 0.3159*** 0.0061 0.3868** 0.1555
Oak/gum/cypress -1.2892*** 0.0106 -1.2201*** 0.2103
National forestland 0.5708*** 0.0072 0.4702** 0.2269
Daily average HDD -0.0909*** 0.0021 -0.0027 0.0392
December SP12 index -0.6034*** 0.0023 -0.2281*** 0.0472
Lightning incidences 1.2776*** 0.0662 1.9710 1.6129
Hurricane incidences -0.3877*** 0.0217 -0.5632** 0.2341
GA -1.0579*** 0.0088 -0.8064*** 0.1699
NC -0.8907*** 0.0096 -0.6476*** 0.1828
SC 0.7195*** 0.0069 0.2203 0.1827
Scale 1
Dispersion 8.1652 0.2086

Autocorrelation Test
Percentage of Years when Spatial 100% 76.92%

Autocorrelation found in Residuals
Percentage of Counties where Temporal 2.42% 4.84%

Autocorrelation found in Residuals
NOTE: *, ** and *** represent significance at 10%, 5% and 1% respectively.
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Table 2.4: Estimates and Statistics from Ordinary Zero–Inflated Models

Parameter
Zero–Inflated Poisson Z.I. Neg. Bino.
Estimate Std Err Estimate Std Err

Logit Selection
Ys̄,t−1 -0.0030*** 0.0007 -0.0053*** 0.0017
Yt−1 -0.0052*** 0.0007 -0.0432*** 0.0068
Intercept 0.0537 0.2524 0.3045 0.3298
Loblolly /shortleaf pine -0.9352*** 0.1104 -0.9684*** 0.1523
Long /slash pine 0.7968*** 0.1577 0.8233*** 0.1960
Oak/pine forestland -0.4359* 0.2376 -0.3777 0.3096
Oak/hickory pine -0.0384 0.1144 0.0931 0.1510
Oak/gum/cypress 0.9224*** 0.1757 1.1497*** 0.2281
National forestland -0.9114*** 0.1728 -0.9225*** 0.2490
Daily average HDD -0.0310 0.0281 -0.0453 0.0351
December SP12 index 0.2803*** 0.0384 0.2719*** 0.0475
Lightning incidences 1.3609 1.1828 -2.1935 1.5931
Hurricane incidences 0.4586** 0.2170 0.6323** 0.2665
GA 1.1026*** 0.1383 0.9114*** 0.1971
NC 1.7140*** 0.1451 1.6545*** 0.2029
SC 1.2354*** 0.1552 1.4944*** 0.2192

Positive Finds
Ys̄,t−1 0.0002*** 0.0000 0.0002 0.0003
Yt−1 0.0004*** 0.0000 0.0013*** 0.0003
Intercept 4.9745*** 0.0178 4.6511*** 0.2846
Loblolly /shortleaf pine 0.0824*** 0.0049 0.2359** 0.1010
Long /slash pine -1.1217*** 0.0196 -0.7357*** 0.1503
Oak/pine forestland 0.6231*** 0.0115 0.4934** 0.2171
Oak/hickory pine 0.2771*** 0.0062 0.3330*** 0.1170
Oak/gum/cypress -0.8390*** 0.0107 -0.7575*** 0.1704
National forestland 0.2497*** 0.0073 0.2361 0.1520
Daily average HDD -0.1120*** 0.0021 -0.1240*** 0.0334
December SP12 index -0.4648*** 0.0023 -0.2352*** 0.0390
Lightning incidences 1.2716*** 0.0707 0.0966 1.2054
Hurricane incidences -0.1481*** 0.0216 -0.0747 0.2584
GA -0.6322*** 0.0088 -0.5317*** 0.1237
NC -0.2455*** 0.0096 0.0439 0.1438
SC 0.9297*** 0.0068 0.8368*** 0.1330
Dispersion (Scale) 1 2.5274*** 0.1047

Autocorrelation Test
Percentage of Years when Spatial 84.62% 69.23%

Autocorrelation found in Residuals
Percentage of Counties where Temporal 2.42% 4.84%

Autocorrelation found in Residuals

76



Table 2.5: Estimates and Statistics from Block Bootstrapping Methods

Parameter
Block Z.I.P. Block Z.I.N.B.

Estimate Std Err Estimate Std Err
Logit Selection

Ys̄,t−1 -0.0047*** 0.0009 -0.0089*** 0.0030
Yt−1 -0.0069*** 0.0013 -0.0506*** 0.0122
Intercept 0.6168** 0.2554 1.1844*** 0.3224
Loblolly /shortleaf pine -0.9157*** 0.1141 -1.0126*** 0.1435
Long /slash pine 0.5638*** 0.1668 0.3283* 0.1723
Oak/pine forestland -0.4178* 0.2383 -0.4040 0.3633
Oak/hickory pine 0.0066 0.1211 0.1313 0.1664
Oak/gum/cypress 0.7857*** 0.2383 1.0051*** 0.2478
National forestland -0.8471*** 0.1936 -0.4450 0.3000
Daily average HDD -0.0890*** 0.0275 -0.1522*** 0.0339
December SP12 index 0.1807*** 0.0361 0.1584*** 0.0483
Lightning incidences 1.7329 1.3303 -0.1147 1.6863
Hurricane incidences 0.2005 0.1745 0.1807 0.2395
GA 1.0572*** 0.1240 0.8591*** 0.1747
NC 1.5173*** 0.1580 1.5378*** 0.1957
SC -1.2686 3.9211 -3.0388 6.4594

Positive Finds
Ys̄,t−1 0.0001 0.0003 0.0002 0.0003
Yt−1 0.0010*** 0.0003 0.0022*** 0.0003
Intercept 5.1837*** 0.2067 4.3323*** 0.2704
Loblolly /shortleaf pine 0.0210 0.0912 0.1495 0.0929
Long /slash pine -1.2617*** 0.2126 -0.9565*** 0.1426
Oak/pine forestland 0.5409*** 0.1991 0.3322 0.2058
Oak/hickory pine 0.1954** 0.0836 0.2685** 0.1090
Oak/gum/cypress -0.7421*** 0.1968 -0.9054*** 0.1776
National forestland 0.5436*** 0.1347 0.6519*** 0.1405
Daily average HDD -0.1635*** 0.0223 -0.1101*** 0.0319
December SP12 index -0.2552*** 0.0364 -0.1371*** 0.0385
Lightning incidences 3.3559*** 0.9726 3.9363*** 1.1539
Hurricane incidences -0.3914*** 0.1220 -0.3126** 0.1452
GA -0.4812*** 0.0956 -0.4383*** 0.0994
NC 0.1411 0.1155 0.1992* 0.1178
SC 0.9565*** 0.2676 0.8631*** 0.3027
Dispersion (Scale) 1 2.5675*** 0.1169

Autocorrelation Test
Percentage of Years when Spatial 53.84% 61.54%

Autocorrelation found in Residuals
Percentage of Counties where Temporal 6.65% 4.84%

Autocorrelation found in Residuals
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Table 2.6: Model Comparisons

Model
Comparison

Vuong’s Test Clarke’s Sign Test
Preferred Model AIC Statistics Preferred Model AIC Statistics

Preliminary Models

OLS vs Linear S–T Linear S–T -3.6635 (0.0002) Linear S–T -2007(<.0001)

Linear S–T vs Poisson Linear S–T 22.2077 (<.0001) Linear S–T 1350 (<.0001)

Linear S–T vs Negative Binomial Negative Binomial -51.4497 (<.0001) Negative Binomial -1475 (<.0001)

Poisson vs Negative Binomial Negative Binomial -23.8178 (<.0001) Negative Binomial -1911 (<.0001)

Preliminary Models vs Zero–Inflated Models

Zero–inflated Poisson Negative Binomial -24.2704 (<.0001) Zero–inflated Poisson 177 (<.0001)
vs Negative Binomial

Zero–inflated Neg. Bin. Zero–inflated Neg. Bin. 19.5991 (<.0001) Zero–inflated Neg. Bin. 1172 (<.0001)
vs Negative Binomial

Zero–inflated Poisson vs Zero–inflated Neg. Bin. -24.4142 (<.0001) Zero–inflated Neg. Bin. -1638 (<.0001)
Zero–inflated Neg. Bin.
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Table 2.7: Estimated Premium Rates for SPB Epidemics

Model Mean Median Std.Dev. Max Min

Overall:
Zero–Inflated Poisson 0.2422 0.1712 0.2790 1 0
Block Bootstrapping ZIP 0.2882 0.1978 0.3181 1 0
Zero–Inflated Negative Binomial 0.2454 0.1678 0.2364 0.9980 7.7703E-09
Block Bootstrapping ZINB 0.2862 0.2082 0.2614 0.9999 9.6134E-13

Alabama:
Zero–Inflated Poisson 0.3942 0.3895 0.3789 1 0
Block Bootstrapping ZIP 0.3974 0.4117 0.3760 1 0
Zero–Inflated Negative Binomial 0.4249 0.4041 0.2649 0.9980 9.9634E-05
Block Bootstrapping ZINB 0.4469 0.4387 0.2894 0.9999 1.2030E-04

Georgia:
Zero–Inflated Poisson 0.1606 0.0529 0.1968 0.9629 0
Block Bootstrapping ZIP 0.1523 0.0842 0.1882 0.9856 0
Zero–Inflated Negative Binomial 0.2600 0.1962 0.2214 0.9841 1.2419E-04
Block Bootstrapping ZINB 0.2758 0.2131 0.2292 0.9910 1.0124E-04

North Carolina:
Zero–Inflated Poisson 0.1956 0.1829 0.1969 0.9905 0
Block Bootstrapping ZIP 0.2418 0.2330 0.2159 0.9991 0
Zero–Inflated Negative Binomial 0.1295 0.0789 0.1612 0.9851 9.2149E-06
Block Bootstrapping ZINB 0.1486 0.0934 0.1716 0.9982 4.7327E-06

South Carolina:
Zero–Inflated Poisson 0.4047 0.3308 0.3387 1 0
Block Bootstrapping ZIP 0.7003 0.8411 0.3650 1 0
Zero–Inflated Negative Binomial 0.1856 0.1076 0.2084 0.9607 7.7703E-09
Block Bootstrapping ZINB 0.3872 0.3387 0.3097 0.9920 9.6134E-13
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(a) 1993 (b) 1994

(c) 1995 (d) 1996

(e) 1997 (f) 1998

(g) 1999 (h) 2000

Figure 2.1: County–level SPB outbreaks during 8 consecutive years in AL, GA, SC and
NC: on each map, 4 different colors represent 4 levels of outbreaks separated by quartiles.
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Figure 2.2: Southern pine beetle spots in three neighboring counties from 1991 to 2004
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(a) Distribution of SPB spots

(b) Distribution of Positive SPB spots

(c) Zoom in: positive SPB spots under 100

Figure 2.3: Distributions of SPB spots

82



(a) Actual SPB Spots

(b) Average Premium Rates by ZIP
Model

(c) Average Premium Rates by Block
Bootstrapping ZIP Model

(d) Average Premium Rates by ZINB
Model

(e) Average Premium Rates by Block
Bootstrapping ZINB Model

Figure 2.4: Average SPB spots and estimated premium rates for SPB epidemics: 1991–
2003
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Chapter 3

Spatio–Temporal Modeling of
Lightning–Ignited Fires on
Forestland: A Compensation Scheme

3.1 Introduction

The forest sector plays an important role in the U.S.. Since the early twentieth century,

the size of U.S. forestland area has been stable around 746 million acres, comprising about

one third of the total land of the United States. In a world context, the U.S. has about

10% of the world’s total forestland, and its timber industry accounts for about one–fourth

of the world’s production (Brad and David, 2004). On average, three pounds of timber

products are consumed by each U.S. resident every day. This means that every year an

amount equivalent to a 100–foot tree will be consumed by each American (Bronson).

In the meantime, wildfires have been a major factor leading to timber losses in the

U.S. timber industry and have caused huge economic losses for forest landowners every

year. Among all the fire sources, lightning is the leading cause for timber losses (Figure

3.1). However, currently the only financial instrument available to the U.S. timber owners

after wildfires is disaster relief. Disaster relief is given in an ad–hoc fashion, depending

upon policy makers’ decisions. Likewise, disaster relief is only granted after disastrous
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wildfires, such as those in California in 2007 and 2008 (Internal Revenue Service, 2007,

2008; State of California, 2008). Small scale wilfires are unintentionally ignored. As small

scale wildfires comprise a dominant share of all wildfire outbreaks (chapter 1), in most

scenarios timber owners have no financial instruments to cover their losses.

From a legal prospective, for human related wildfires such as those caused by arson

incendiaries, accidental fires and debris burning, timber owners may be able to trace

the responsible persons to claim losses. Federal and state laws require forest property

owners to carefully manage fire ignitions and contain fire spread with caution (Anderson

and Stanford, 2004). Particulary, carelessness and willfulness in igniting and spreading

fires results in legal punishments. The guilty parties are subject to prosecutions and

are financiallly liable for damage caused, suppression costs and fine. Unfortunately, for

wildfires induced by natural hazards such as lightning, forestland owners essentially have

no means to recover their losses. Therefore, our main motivation of this study is to offer

a timber insurance instrument against such natural wildfire risks.

There is an extensive literature evaluating lightning risks, mostly focusing on the

behavior and distribution of individual lightning strikes (e.g. Renkin and Despain 1992;

Wotton and Martell 2005; Krawchuk et al. 2006). At the same, research efforts are also

expanded to analyze broadscale lightning fire risks. For instance, Prestemon et al. (2002)

studied broadscale wildfire risks conditional on environmental and social covariates, and

Butry, Pye, and Prestemon (2002) analyzed how prescribed burning can reduce wildfire

risks from different sources including lightning using temporal models at the conty–level.

Such a category of research that addresses widespread, aggregate lightning fire risks could

provide insightful information for forestland management. Following this line of inquiry,

our study focuses on the county–level lightning–induced wildfire risks.

As has been found in the previous studies, not only are lightning strikes both spatially
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and temporally correlated (e.g. Rorig and Ferguson 1999; Dı́az-Avalos et al. 2001), but

lightning–induced wildfires are also spatio–temporally correlated (Dissing and Verbyla,

2003; Wells and McKinsey, 1993). To accommodate such an issue, we adopt two classes

of spatio–temporal models. First, two spatio-temporal lattice models (chapter 1) are used

to account for the linear contemporaneous spatial dependence of lightning–ignited fire

risks. Second, in light of the fact that a proportion of the observations are zeros, zero–

inflated count models are applied while using block bootstrapping methods to control for

the spatio–temporal autocorrelation of regression residuals.

Although timber production and crop production share some similarities, forest insur-

ance plans rarely exist while crop insurance policies are widely adopted in the agricultural

sector. According to unpublished USDA statistics, total liability in the federal crop in-

surance program exceeded $113 billion in 2011.1 Crop insurance programs have played

an important role in U.S. agriculture for the last seventy–five years. This role has risen

in prominence in recent years as programs expanded and government subsidies were in-

creased. Multi–peril insurance policies, as well as single–peril insurance policies, have

been popular among farmers. Because of the difficulties to accurately measure risks from

all possible hazards, efforts to supply all risk (multiple–peril) insurance policies in the

private market have typically turned out to be failures (Smith and Goodwin, 2011). As

a matter of fact, the current existing multiple–peril insurance programs are all heavily

subsidized by the federal government. Further, most all–peril crop insurance programs

around the world are also highly dependent on government subsidies. Single–peril insur-

ance policies, however, have been developed adequately well in the private market. One

of the pioneer agriculture insurance policies was the hail insurance introduced to tobacco

farmers in 1879. Ever since then, various kinds of single–peril agriculture insurance plans

1See the online summary of business statistics at http://www.rma.usda.gov/data/sob.html.
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have been invented. For fire risks particularly, crop insurance against single peril of fire

was introduced by private companies at least as early as 1938 (Smith and Goodwin,

2011).

Our research, built upon a comprehensive survey of annual county–level wildfire loss

records in Florida, is used to empirically evaluate lightning fire risks on forestland and to

develop an associated actuarially sound, single–peril index insurance product. Compared

with multi–peril insurance products, a single–peril (i.e. lightning fire) insurance plan has

several advantages. First, such a product only requires consideration limited to the risks

associated with a specific hazard, while it may be too difficult for multi-peril insurance

products to trace all the associated risk sources. Second, as it is relatively easier to

calculate actuarially fair premium rates for a single–peril plan, adverse selection can be

limited by precisely pricing the single hazard.

Further, a county–level group index insurance plan can minimize moral hazard con-

cerns which may impair the sustainability of insurance programs. In general, index plans

are more robust to moral hazard concerns, since the actions of individual agents are un-

able to significantly affect the aggregate index or index threshold that governs coverage

and establishes losses. In our study particularly, if the index is constructed solely upon

natural events such as lightning fire ignitions, the moral hazard issue which is only related

to intentional human actions can even be eliminated. At the same time, as county–level

statistics are easily accessible, the associated adminstration costs of group index plans are

much smaller than individual plans. In all, a single–peril index insurance plan against

lightning fire risks should be able to provide a viable financial instrument to protect

timber owners from such a natural disaster.

In the context of insurance contract, an actuarially fair premium can be expressed as
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the expected loss conditional on all possible loss outcomes,

E(lossst) =

∫
E(Paymentst|zst,Θst) ∗ f(zst|Θst) dzst, (3.1.1)

where zst is an indicator that one of the claim provisions has been triggered (i.e., that

a loss event has occurred). Θst represents the prior information set of conditioning vari-

ables that are conceptually relevant to the risks, and f(zst) represents the corresponding

probability density function of the loss event. Since the payment Paymentst is usually

pre-determined in the index insurance programs, the main focus is to model loss proba-

bilities. Understanding factors that loss probabilities should be conditioned on is crucial

in modeling risks. For example, in modeling life insurance, age and healthiness of the in-

sured are always explicitly recognized when assessing death risks. As long as observable

factors are pertinent to risks underlying an insurance contract, a more accurate actuari-

ally fair premium can be constructed with these factors considered. For timber insurance

against lightning fire risks, factors such as tree types, characteristics of forest land and

weather are important risk determinants. Thus we model wildfire risks conditional on

these factors to assess risks accurately.

Some operational issues including insurance period and prior information should also

be considered to design an insurance program. The choice of insurance period is impor-

tant to offer and implement insurance programs. For example, in agricultural insurance

contracts, the insurance period is usually specified on a calendar year or crop season

basis. The insurance protection covers associated risks from the beginning of the insur-

ance period until the end of the insurance period. It is important to identify insurance

periods, because risks can only be conditioned (i.e., modeled) upon information avail-

able prior to the beginning of an insurance period. In lightning fire risk analysis, we
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assume with no loss of generality an insurance period corresponding to a calendar year.

The other practical issue is that information about all the associated observable factors

in the following year (the insurance period) is unavailable before the timber insurance

contracts are signed. For example, drought is recognized as a significant predictor for

fire hazard. However, even though they may be somewhat predictable by using various

climate models, precipitation in year t + 1 is generally unknown in year t. In contrast,

the precipitation records in year t are available when insurance coverage for year t+ 1 is

determined. Therefore, in our analysis insurance parameters are always conditioned on

variables that are observable in the prior year.

The main contributions of our paper can be presented into two folds. First, our study

proposes a single–peril index insurance product to protect timber farmers from natural

wildfires. Associated insurance scheme is designed and actuarially fair premium rates

are estimated. Second, our paper provides empirical analysis on the broadscale risks

of lightning–induced wildfire at the county level. Several spatio–temporal models from

different classes are applied to model and forecast the lightning fire ignitions. Implications

for forest management and policy suggestions are also discussed.

Most importantly, this chapter differs from chapter 1 from several aspects. First, this

chapter only focuses on natural (lightning) wildfire risks while the first chapter studies

wildfire regardless of its source. Second, the dependent variable is the frequency of light-

ning wildfire ignitions while the regressee in the first chapter is the burnt ratio. Moreover,

the observations of the dependent variable in this chapter are all integers with excessive

zeros which makes a logarithm transformation impossible. Third, for comparison, in this

chapter we adopt all the econometric methods from previous two chapters to analyze the

spatio–temporal dependent structure of lightning wildfire.
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3.2 Discussion of Data

We use the wildfire data set obtained from Florida State Forestry Division. The data cover

all the wildfire records for all the 67 Florida counties between 1981–2005. Characteristics

of each individual fire are documented, such as the fire cause and fuel type. However,

we only use a subset, which covers over 20,000 lightening–induced wildfire occurrences.

The dependant variable of our empirical analysis is the annual county–level lightning fire

ignitions. Such a choice is determined by several reasons. First, compared with burnt ratio

(chapter 1), an index based upon lightning fire ignitions can help prevent moral hazard

issues. The damage by a wildfire is not only related to its ignition, but also to its physical

movement. Human activities may affect the latter. For example, the failure to report an

ignition may cost the opportunity to extinguish a fire before it becomes uncontrollable. In

contrast, fire ignitions induced by natural causes are generally unaffected by individual

behavior. Second, in an econometrics view, it is more convenient to model lightning

fire ignitions. The distribution of lightning fire burnt ratio is extremely right skewed.

Although a logarithm transformation may be able to make the transformed distribution

more regular (chapter 1), the fact that a lot of observations of burnt ratios are zeros

makes such a transformation impossible (Figure 3.2.a). Meanwhile, the annual county–

level occurrence of lightning wildfires measures certain events (fire) occurring within a

fixed time interval and space. The observations (Figure 3.2.b) are in discrete numbers

and hence the distribution is more likely to follow known distributions suitable for count

data, i.e. Poisson.

To calculate actuarially fair premiums, understating and measuring underlying factors

that risks should be conditioned on is crucial. For example, in modeling crop insurance,

climatic factors such as drought are always recognized to be significant risk contributors.
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When an appropriate set of relevant covariates is adopted, the risk probabilities of a loss

event can be precisely molded and the fair premiums can be priced. Previous studies

found that several categories of observable variables are pertinent to lightning fire risks.

Characteristics of forest ecosystems are important risk determinants of lightning–

ignited wildfire. For example, Dissing and Verbyla (2003) and Rorig and Ferguson (1999)

found that areal forest coverage is related to lightning fire ignitions, and Wells and McK-

insey (1993) reported that certain tree species are more susceptible to lightning ignitions.

As fuel type and ground soil moisture are conducive factors for lightning fire ignitions,

we adopt variables representing four different types of forest lands. They include long /

slash pine, loblolly / shortleaf pine, oak / pine and oak/ hickory.

Climatic conditions are considered most influential factors in determining lightning

strikes and associated fire ignitions. Rorig and Ferguson (1999) found that some atmo-

spheric conditions are conducive to lightning–induced fires, such as moisture and tem-

perature. The daily average of heating degree days (HDD) index and the SP12 index

in December are used to measure temperature and drought repectively. Furthermore, as

lightning strikes are the fundamental cause to ignite an associated fire, the frequency of

lightning strikes is also adopted. Hurricane, which may affect both the density of lightning

strikes and ground fuels, is also considered.

Although an individual person’s behavior can rarely affect the probabilities of light-

ning fire ignitions, aggregate level human activities play an important role in affecting

the likelihood of lightning–induced wildfires. It is found that the spatial layout of urban–

wildland interface may impact the distributions of lightning fire ignitions. For example,

Prestemon et al. (2002) found housing density has an positive impact on damage caused

by lightning wildfire, and Butry, Pye, and Prestemon (2002) suggested that lightning ig-

nitions tend to occur in sparsely populated area and wealthier neighborhoods. Therefore,
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we use population to measure the impact by human activities.2 In addition, as ground

fuels are a conducive contributor for lighting wildfire ignitions, forest management and

wildfire mitigation actions should also be considered. As a proxy for them, the forestland

ownership type is also included in the covairates.

To obtain the detailed information about these relevant conditional variables, sev-

eral databases from different sources are used. Weather statistics including tempera-

ture, drought, hurricane and lightning strikes are collected from the National Climate

Database Center (NCDC), maintained by National Oceanic and Atmospheric Admin-

istration (NOAA). Forest land characteristics are obtained from the Forest Inventory

and Analysis Database (FIADB) which is administrated by the USDA’s Forest Inventory

and Analysis National Program. Population statistics are collected from the Regional

Economic Information System (REIS) data set assembled by the Bureau of Economics

Analysis in the U.S. Department of Commerce.

Summary statistics and definitions of lightning wildfire ignitions and explanatory

variables are presented in Table 3.1. This paper utilizes annual county–level observations

for all the 67 counties in Florida between 1987 and 2005, resulting in 1273 county–year

combinations. In light of the fact that relevant information about conditional variables

is only available prior to the insurance period, all independent variables are lagged one

year.

2Socio–economic variables such as average income and employment status are not included, because
neither of them has a significant impact and using either of them will cause a multi–collinearity problem.
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3.3 Empirical Analysis

3.3.1 Linear Models

To analyze the conditional probabilities of lightning wildfire ignitions, we first apply

several linear models. First of all, as the most common linear model, an OLS regression

is used,

yst = Xs,t−1β + εst, (3.3.1)

where yst is an indicator of lightning wildfire risks and Xs,t−1 is a vector of lagged observ-

able covariates. However, as found in the previous studies, risks of lightning–induced wild-

fire are usually spatiao–temporally correlated (Genton et al., 2006; Dissing and Verbyla,

2003). Thus we consider a common saptio–temporal model which includes both temporal

and spatial lags of the dependent variable in order to control for spatio–temporal auto-

correlation. If only the lags of the first order are included, such a model can be expressed

in the form of

yst = ρys̄,t−1 + qys,t−1 +Xs,t−1β + εst, (3.3.2)

where ys̄,t−1 represents the average of all {yi,t−1}, given i ∈ Θs and Θs represents the set

of all spatial units bordering county s.

Although such a linear spatio–temporal model was promoted by Haggett, Cliff, and

Frey (1977) for its simplicity to use, one important critic for this model is that it cannot

suit the contemporaneous spatial autocorrelation well. Thus two autoregressive models

(chapter 1) are used to account for the simultaneous spatial dependence between lightning
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fire risks. One model applies for the scenarios where the dependent variable itself is

spatio–temporally autocorrelated, such as

Yt = ρWYt + qYt−1 +Xt−1β + εt. (3.3.3)

The other model applies for the scenarios where the error terms are spatio–temporal

autocorrelated, such as

Yt = Xt−1β + Ut, (3.3.4)

Ut = ρWUt + qUt−1 + εt. (3.3.5)

The results of above mentioned four linear regression models are presented in Table

3.2 and Table 3.3. The results from these four models suggest that almost all the condi-

tioning explanatory variables have statistically significant impacts on lightning fire risks.

The coefficients in the OLS model, however, are much larger than those in the other

models, which implies that ignoring spatio–temporal autocorrelation may results in an

overestimation of the impacts of the conditional variables.

The overall fit of the OLS regression and linear spatio–temporal model is satisfying,

given the observations are obtained from panel data. Furthermore, multi–collinearity

among the covariates is minimized, as implied by the small values of the variance in-

flation index (VIF) and condition index. Even though the temporal autocorrelation is

successfully controlled, spatial autocorrelation tests for the residuals confirm our con-

cerns. Compared with the OLS regression, although the linear spatio–temporal model

has already reduced spatial autocorrelation by a half, there is still a significant portion

of observations containing spatially autocorrelated residuals, i.e. above 30%. This may
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suggest a modelling misidentification due to the absence of contemporaneously spatial

dependence.

The results of the two autoregressive models confirm our conjecture.3 A notable evi-

dence is that spatial autocorrelation among residuals has been reduced significantly (i.e.

the percentage of years with spatially autocorrelated residuals drops to as low as about

5%). Such an improvement suggests that the autoregressive models are more appropri-

ate in this study since they account for the simultaneous spatial interactions rather than

lagged ones. Furthermore, the estimates of spatial dependence in the autoregressive mod-

els are fairly significant, and their magnitudes are much larger than the one in the linear

spatio–temporal model. In all, the statistical results suggest that lightning wildfire risks

are more likely to be spatially correlated within the same year. Likewise, based upon the

test statitistics of model selections (Table 3.6), the autoregressive model with spatio–

temporal dependent variable (equation 3.3.3) fits the data better than the other three

linear models.

3.3.2 Count Models

Even though autoregressive models have performed sufficiently well in controlling for

spatio–temporal autocorrelation, still there are some concerns with the linear model

specifications. A major drawback is that a signification portion of the observations are

zeros (Figures 3.2.b), which may affect the stability of the linear models’ estimations.

The other speculation is that for observations with discreet values describing occurrences

of a certain event, count models may be more appropriate. Therefore, we first adopt

two stochastic processes to describe the count of annual lightning fire ignitions within a

3Between these two models, the magnitudes and signs of some estimators are quite diffident. This
may be due to the idiosyncratic characteristics of our data (i.e. the distribution is extremely right skewed
and with excessive zeros).
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county, which are the Poisson model and the negative binomial model. Further, in light

of the heavy weight of zeros in the observations, we propose using a couple of zero–

inflated count models. One is the zero–inflated Poisson (ZIP) model (Lambert, 1992),

and the other is the zero–inflated negative binomial (ZINB) model (Ridout, Hinde, and

DemeAtrio, 2001). The difference between these two models is that unlike the Poisson

model which has a fixed scale, the negative binomial model allows for a variant dispersion.

Table 3.4 and Table 3.5 present the results of the above mentioned four count models.

The estimates of most parameters are consistently significant. Characteristics of forest-

land affect the risks of lightning fire ignitions through a number of ways. First of all,

similar to the first chapter, private forests are more susceptible to lightning fire ignitions.

In Florida, public forests are intensively managed and the government may be better at

preventing and suppressing natural wildfires. In addition, tree species face heterogenous

levels of lightning wildfire risks. The long/slash pine forestland enhances the chances of

lightning wildfire ignitions while loblolly/shortleaf pine, oak/pine and oak/hickory forests

face smaller lighting wildfire risks.

Climatic factors and adverse weather phenomenons, including temperature, soil mois-

ture, lightning frequency and hurricane, can significantly influence lightning wildfire haz-

ard. The cold weather (measure by HDD) can lessen the lightning wildfire risks while

high moisture level may increase lightning fire ignitions. It is because thunderstorms are

more related to hot and humid seasons in Florida. Lightning strikes, as expected, are a

significantly causal factor for associated wildfire outbreaks. Hurricane, however, is nega-

tively related to lightning fire ignitions. It is possibly due to the timely removal of ground

fuels by the forest agencies after hurricanes. The only demographic variable in this study,

population, is found to be able to reduce lightning wildfire risks, which coincides with

the finding by Butry, Pye, and Prestemon (2002).
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Though ordinary tests for comparison between nested models are not applicable for

count models and linear models, we can still utilize Vuong’s test and Clark’s sign test to

compare them. The test statistics are presented in Table 3.6. For the discrete observations

with excessive zeros in out study, the zero–inflated negative binomial model fits best.

However, since it is impossible to parameterize the contemporaneous spatial dependence

in count models, only a lagged spatial parameter is featured which is similar to the one

defined in the conventional linear spatio–temporal model. Not surprisingly, the count

models cannot reduce the spatial autocorrelation significantly (Table 3.6). One possible

solution is to use a non–parametric spatio–temporal block bootstrapping methods (as

presented in the second chapter).

The estimates and statistics obtained by using block bootstrapping methods with

zero–inflated count models are presented in Table 3.7. The results, though, are similar to

those obtained by using the ordinary zero–inflated models, and the spatial autocorrelation

is not alleviated. Such a failure to lessen spatial autocorrelation may be due to several

reasons. First, there are only a limited number of spatial units so that it is difficult to

find an appropriate block size.4 Second, the shape and the size are fairly different from

one county to another which also leads to the difficulty designing optimal blocks. Third,

since most counties are located either on the coast or adjacent to other states, the edge

effect (Upton and Fingleton, 1985) may be fairly detrimental in this analysis.

3.4 Insurance Contracts and Premium Rates

A hypothetical index timber insurance program against natural wildfire risks can work

as follows. Before the beginning of the insurance period, both insurance providers and

4There are only 67 counties in this study while there are 372 counties in the SPB study.
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timber owners agree on an indemnity trigger index of lightning wildfire ignitions, say

z̃st = 100, and the insured agents pay premiums to insurance companies. At the end of

the insurance period, when the actual lightning wildfire ignitions zst in a county exceeds

the threshold (z̃st = 100) stipulated in the contract, every insured timber owner in this

county will receive a fixed payment, regardless of whether they experience losses incurred

by lightning fire or not. Meanwhile, if the reported lightning fire ignitions are smaller than

100, then no one receives a payment. Hence if the predetermined trigger index that will

trigger claims is z̃st (i.e. 100) and the indemnity payment is predetermined, the general

form of the actuarially fair premium (equation 3.1.1) can be rewritten as

E(loss)st = Paymentst ∗ E(Paymentst|zst > z̃st,Θst), (3.4.1)

where the premium rate is the term Pr(zst > z̃st|Θst) on the right hand side, equivalent

to the ratio of the premium to the liability.

As noted by Wells and McKinsey (1993), the average damage caused by lightning

fire ignition is sufficiently larger than those caused by other sources, because a natural

wildfire usually occur in a roadless region and is much more difficult to contain. Hence,

an insurance scheme which encourages mitigation actions may help reduce the risks of

natural wildfire in the long run. Such mitigation actions may range from mechanical thin-

ning to prescribed burning. Accordingly, one possible plan would be to pay an indemnity

which also covers the mitigation costs, like

Paymentst =(Insured Acres)st

∗ [(Fixed Payment)st + (Mitigation Cost)],

(3.4.2)

where the Fixed Paymentst can be pre–determined based upon timber values and the fire
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index, which could be either the frequency or the density of lightning wildfire ignitions.

Mitigation costs, though, may or may not be subsidized by the government. If subsidized,

such an intervention might be desirable to enhance the overall social welfare in the sense

that to control natural wildfire has strong spatio–temporally positive externalities. Fur-

thermore, a subsidy through the private market might be more efficient to influence the

risk taking behavior than disaster relief which is completely exogenous. However, even if

no government support is provided, this insurance plan is still actuarially fair as long as

the distribution of lightning wildfire ignitions can be precisely modeled.

Table 3.8 presents the estimated premium rates using different trigger indices. Since

the zero–inflated negative binomial models fit the data best (Table 3.7), we only use the

models of this genre (both the ordinary one and the one with the block bootstrapping

method). At the same time, two categories of indices are used. The first index is the

frequency of lightning fire ignitions. The results indicate that when the trigger index

increases, the premium rate decreases. The other index is the density of lightning wildfire

outbreaks, which is defined as the number of lightning fire ignitions per acre of forestland.

Similarly, a smaller trigger index always implies a higher premium rate. The results

obtained from these two models are generally close, and the overall resemblance between

the maps (Figure 3.4) suggests that an adequate fit is achieved.

3.5 Conclusion

This analysis presents empirical models of the lightning wildfire risks in Florida. A brief

overview of the U.S forest industry and existing timber risk management instruments is

provided. We also discuss the methodological issues related to the design of a single–peril

fire insurance program against lightning fire risks. We select the lightning fire ignitions
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as the index, since such an index is almost unaffected by human related activities. Thus

the moral hazard issue can be minimized. Further, we adopt several models to analyze

lightning wildfire risks. Although the autoregressive models better control for the spatial

autocorrelation, the zero–inflated negative binomial models provide the best fit. Mean-

while, the impacts of the important conditioning factors are examined. Based upon the

estimated conditional probabilities that are obtained from empirical models, actuarially

fair premium rates of a single–peril index insurance scheme are calculated.

This paper also provides important insights for forest management agencies to con-

trol and mitigate natural wildfire hazard. Almost all the conditioning variables, in most

scenarios, exhibit statistically significant relationships with lightning wildfire risks. Specif-

ically, some tree species are more vulnerable to lightning fire risks, such as loblolly/short

pines while others like long/slash pines are more resistant to lightning ignitions. In the

meantime, certain climatic conditions can also affect the likelihood of lightning fire igni-

tions. Further, lightning fires are more likely to occur in rural regions where the population

is small. Therefore, an appropriate spatial and temporal allocation of fire suppression ef-

forts may help reduce the damage caused by natural wildfires. Further, lightning wildfire

risks are found to be sptio–temporally autocorrelated. The government may also need to

recognize this when developing forest management and wildfire control policies.

Last not the least, we discuss the possibilities of government intervention in the pri-

vate disaster payment market. We suggest that the indemnity payment in our proposed

index insurance program may consist of both a pre–determined payment for timber losses

and an additional reimbursement for mitigation costs. Contagious hazards such as the

lightning–induced wildfire present an ideal case favoring government subsidies (e.g. Good-

win and Vado 2007). Because of the strong externality that the government subsidized

mitigation actions may bring about, the overall welfare of the society may be improved.
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However, whether such an approach is viable and how forest landowners’s behavior will

evolve over time following the adoption of our proposed insurance plans require further

investigations and remain open for future research.
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Table 3.1: Definition and Statistics of Variables

Variable(County Level) Definition N Mean Median Min Max Std. Dev.
Annual Lightning Wildfire Total occurrences of lightning 1340 10.7269 5 0 136 15.2262

induced wildfire
Private forestland Total size of all private forests 1273 1.7900 1.8227 0 5.8600 1.2067

(in 100,000 acres)
Long /slash pine Size of long / slash 1273 0.8872 0.6639 0 3.1844 0.7363
forestland pine forestland (in 100,000 acres)

Loblolly /shortleaf pine Size of loblolly / shortleaf 1273 0.2293 0.1067 0 2.1140 0.3288
forestland pine forestland (in 100,000 acres)

Oak/pine forestland Size of oak/pine forestland 1273 0.2129 0.1786 0 1.0557 0.1928
(in 100,000 acres)

Oak/hickory forestland Size of oak/hickory pine 1273 0.3251 0.2735 0 1.3918 0.2901
forestland (in 100,000 acres)

Daily average Sum of daily Heating Degree Day 1273 2.7355 2.8411 0.0795 5.1644 1.4097
of HDD Index indices within a year divided by 365

December SP12 index Next year’s probability of observing 1273 0.2252 0.4000 -2.6900 2.3300 0.9650
a given amount of precipitations

Hurricane incidences Annual count of hurricane strikes 1273 0.0322 0 0 2 0.2129
within 40 miles of a county’s centroid

Lightning incidences Annual count of lightning strikes 1273 0.1741 0.1402 0.0218 1.3415 0.1291
(in 100,000 strikes)

Population Population (in 100,000) 1273 2.1677 0.7910 0.0483 23.3738 3.6354
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Table 3.2: Estimates and Statistics of Linear Regressions: Conventional Models

Parameter
OLS Model Linear S–T Model

Estimate Std Err Estimate Std Err

Lagged Spatial Dependence 0.0136 0.0330
Temporal Dependence 0.6223*** 0.0251
Intercept 16.0139*** 1.3669 5.7486*** 1.2276
National forestland 6.7050*** 0.6455 2.5252*** 0.5447
Long /slash pine -1.8033* 0.9913 -1.1571 0.7932
Loblolly /shortleaf pine -6.0238*** 1.8081 -2.3885* 1.4509
Oak/pine forestland 21.4078*** 3.1670 7.3826*** 2.6265
Oak/hickory pine -11.0161*** 2.0359 -4.1956** 1.6425
Daily average HDD -5.7293*** 0.4717 -1.9470*** 0.4029
December SP12 index -1.4828*** 0.4013 0.7999** 0.3401
Lightning incidences 8.5045** 4.0267 1.6372 3.2198
Hurricane incidences -4.8911*** 1.8114 -6.0604*** 1.4437
Population -0.2836** 0.1275 -0.1008 0.1017

Summary Statistics
Ajusted R2 0.2321 0.5135
Max. VIF 4.2779 4.8086
Max. Condition Index 13.17227 15.36485

Autocorrelation Test
Percentage of Years when Spatial 68.42% 31.58%

Autocorrelation found in Residuals
Percentage of Counties where Temporal 1.49% 14.93%

Autocorrelation found in Residuals

NOTE: *, ** and *** represent significance at 10%, 5% and 1% respectively.
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Table 3.3: Estimates and Statistics of Linear Regressions: Autoregressive Models

Parameter
Autoreg. Dep. Autoreg. Err.

Estimate Std Err Estimate Std Err

Contemporaneous Spatial Dependence 0.3339*** 0.0256 0.6641*** 0.0194
Temporal Dependence 0.5573*** 0.0221 0.3243*** 0.0197
Intercept 1.1589 1.1137 27.0594 26.3959
National forestland 3.1435*** 0.4917 8.9097*** 0.7980
Long /slash pine -1.6815** 0.7230 -4.0502*** 1.0743
Loblolly /shortleaf pine -0.8422 1.3239 -7.4730*** 2.1253
Oak/pine forestland 1.9205 2.3740 10.8326*** 3.8846
Oak/hickory pine -4.6621*** 1.5002 -9.6881*** 2.9236
Daily average HDD -1.3799*** 0.3719 -12.3789*** 0.9719
December SP12 index 0.8822*** 0.3026 -7.1166*** 1.3729
Lightning incidences 4.0597 2.9448 17.8625*** 5.8068
Hurricane incidences -4.6122 *** 1.3195 2.4663 3.3492
Population -0.1108 0.0931 0.1961 0.1475

Autocorrelation Test
Percentage of Years when Spatial 5.26% 17.91%

Autocorrelation found in Residuals
Percentage of Counties where Temporal 5.56% 7.46%

Autocorrelation found in Residuals

NOTE: *, ** and *** represent significance at 10%, 5% and 1% respectively.
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Table 3.4: Estimates and Statistics of Ordinary Count Models

Parameter
Poisson Neg. Bin.

Estimate Std Err Estimate Std Err

Lagged Spatial Dependence 0.0119*** 0.0008 0.0032 0.0032
Temporal Dependence 0.0209*** 0.0005 0.0400*** 0.0029
Intercept 2.0993*** 0.0334 2.1376*** 0.1218
National forestland 0.2036*** 0.0169 0.2335*** 0.0581
Long /slash pine 0.0244 0.0280 0.1937** 0.0881
Loblolly /shortleaf pine -0.1955*** 0.0473 -0.2496* 0.1299
Oak/pine forestland -0.5022*** 0.0789 -0.7356*** 0.2712
Oak/hickory pine -0.0261 0.0481 0.0776 0.1637
Daily average HDD -0.2378*** 0.0121 -0.3858*** 0.0427
December SP12 index 0.0394*** 0.0093 0.0158 0.0328
Lightning incidences 0.9485*** 0.0824 0.7999*** 0.3053
Hurricane incidences -0.7414*** 0.0646 -0.6155*** 0.1454
Population -0.0354*** 0.0034 -0.0451*** 0.0118
Dispersion (Scale) 1 0.8701*** 0.0423
AIC 14960.9085 7840.2762

Autocorrelation Test
Percentage of Years when Spatial 26.32% 26.32%

Autocorrelation found in Residuals
Percentage of Counties where Temporal 2.99% 7.46%

Autocorrelation found in Residuals

NOTE: *, ** and *** represent significance at 10%, 5% and 1% respectively.
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Table 3.5: Estimates and Statistics of Zero–Inflated Count Models

Parameter
Zero–Inflated Poisson Zero–Inflated Neg. Bin.
Estimate Std Err Estimate Std Err

Logit Selection
Lagged Spatial Dependence 0.0053 0.0108 0.0203 0.0177
Temporal Dependence -0.2083*** 0.0298 -0.5400*** 0.1221
Intercept -1.4426*** 0.4113 -1.0165 0.6482
National forestland -0.2712 0.1737 -0.9240* 0.4793
Long /slash pine -0.3694* 0.2130 -0.9407 0.5721
Loblolly /shortleaf pine 1.0238** 0.4676 2.1988** 1.0742
Oak/pine forestland 0.4146 0.8251 1.3787 1.8172
Oak/hickory pine -0.6387 0.5501 -2.0554 1.4164
Daily average HDD 0.4396*** 0.1286 0.5688** 0.2862
December SP12 index -0.3823*** 0.1108 -0.4463** 0.2101
Lightning incidences -0.9804 1.2208 0.7381 1.7387
Hurricane incidences -0.0749 0.7108 -0.8855 1.5912
Population 0.0868*** 0.0280 0.0348 0.0380

Positive Finds
Lagged Spatial Dependence 0.0107*** 0.0008 0.0046 0.0031
Temporal Dependence 0.0187*** 0.0005 0.0340*** 0.0026
Intercept 2.2096*** 0.0343 2.2276*** 0.1178
National forestland 0.2129*** 0.0176 0.2372*** 0.0600
Long /slash pine -0.0580** 0.0294 0.1137 0.0952
Loblolly /shortleaf pine -0.1011 ** 0.0454 -0.1405 0.1262
Oak/pine forestland -0.2362*** 0.0812 -0.4777* 0.2799
Oak/hickory pine -0.1756*** 0.0489 -0.1100 0.1556
Daily average HDD -0.1943*** 0.0127 -0.3556*** 0.0448
December SP12 index 0.0246*** 0.0093 0.0031 0.0314
Lightning incidences 0.6333 *** 0.0844 0.4967* 0.2924
Hurricane incidences -0.7257 *** 0.0684 -0.6263*** 0.1348
Population -0.0141*** 0.0036 -0.0110 0.0132
Dispersion (Scale) 1 0.6952*** 0.0375
AIC 13422.4902 7762.0818

Autocorrelation Test
Percentage of Years when Spatial 26.32% 26.32%

Autocorrelation found in Residuals
Percentage of Counties where Temporal 7.46% 10.44%

Autocorrelation found in Residuals
NOTE: *, ** and *** represent significance at 10%, 5% and 1% respectively.
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Table 3.6: Model Comparisons

Model
Comparison

Vuong’s Test Clarke’s Sign Test
Preferred Model AIC Stat. Preferred Model AIC Stat.

Linear Models
OLS vs Linear S–T Linear S–T -6.3216 (<.0001) Linear S–T -435(<.0001)
OLS vs Autoreg. Dep. Autoreg. Dep. -5.2123(<.0001) Autoreg. Dep. -397 (<.0001)
OLS vs Autoreg. Err. Autoreg. Err. -4.3292(<.0001) Autoreg. Err. -100 (<.0001)
Linear S–T vs Autoreg. Err. Linear S–T 4.1983(<.0001) Linear S–T 439 (<.0001)
Autoreg. Dep. vs Autoreg. Err. Autoreg. Dep. 2.4734(<.0001) Autoreg. Dep. 413 (<.0001)
Autoreg. Dep. vs Linear S–T Linear S–T -3.2858(.0010) Autoreg. Dep. 171 (<.0001)
Count Models
Poisson vs Zero–inflated Poisson Zero–inflated Poisson -9.3977 (<.0001) Poisson 56 (<.0001)
Poisson vs Negative Binomial Negative Binomial -11.2897 (<.0001) Negative Binomial -169 (<.0001)
Zero–inflated Neg. Bin. Zero–inflated Neg. Bin. 10.5667 (<.0001) Zero–inflated Neg. Bin. 152 (<.0001)

vs Zero–inflated Poisson
Zero–inflated Neg. Bin. Zero–inflated Neg. Bin. 3.2550 (.0011) Zero–inflated Neg. Bin. 136 (<.0001)

vs Negative Binomial
Linear Models vs Count Models
Autoreg. Dep. Autoreg. Dep. 9.4774(<.0001) Autoreg. Dep. 9(6245 )

vs Zero–inflated Poisson
Autoreg. Dep. Negative Binomial -15.2283(<.0001) Negative Binomial -270(<.0001)

vs Negative Binomial
Zero–inflated Neg. Bin. Zero–inflated Neg. Bin. 16.4087 (<.0001) Zero–inflated Neg. Bin. 282 (<.0001)

vs Linear S–T
Zero–inflated Neg. Bin. Zero–inflated Neg. Bin. 15.9430 (<.0001) Zero–inflated Neg. Bin. 292 (<.0001)

vs Autoreg. Dep.
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Table 3.7: Estimates and Statistics from Block Bootstrapping Method

Parameter
Zero–Inflated Poisson Zero–Inflated Neg. Bin.
Estimate Std Err Estimate Std Err

Logit Selection
Spatial Dependence 0.0069 0.0052 0.0229 0.0152
Temporal Dependence -0.2098*** 0.0052 -0.5509*** 0.1012
Intercept -1.3815*** 0.2204 -0.8323 0.7013
National forestland -0.2653*** 0.0921 -0.0956 1.5155
Long /slash pine -0.3707*** 0.1174 -1.4961 1.8272
Loblolly /shortleaf pine 1.1567*** 0.2434 3.0707 2.1985
Oak/pine forestland 0.6799 0.4903 -1.3318 8.2880
Oak/hickory pine -0.9922*** 0.2648 -3.0511** 1.3797
Daily average HDD 0.4275*** 0.0795 0.2451 0.5361
December SP12 index -0.5300*** 0.0706 -0.6229*** 0.1819
Lightning incidences -1.3193** 0.5977 0.5314 1.1109
Hurricane incidences -0.2526 0.5125 -1.2332 2.1374
Population 0.0896*** 0.0162 0.0407* 0.0243

Positive Finds
Spatial Dependence 0.0113*** 0.0022 0.0043* 0.0023
Temporal Dependence 0.0182*** 0.0017 0.0353*** 0.0019
Intercept 2.1892*** 0.0664 2.1741*** 0.0761
National forestland 0.2329*** 0.0326 0.2577*** 0.0419
Long /slash pine -0.0865* 0.0461 0.0789 0.0623
Loblolly /shortleaf pine -0.1311* 0.0743 -0.1665** 0.0767
Oak/pine forestland -0.1618 0.1776 -0.5807*** 0.2247
Oak/hickory pine -0.1854 0.1175 -0.0276 0.0908
Daily average HDD -0.1942*** 0.0247 -0.3447*** 0.0360
December SP12 index 0.0633*** 0.0156 0.0388* 0.0213
Lightning incidences 0.6094*** 0.1742 0.4707*** 0.1707
Hurricane incidences -0.7981*** 0.0468 -0.6513*** 0.0539
Population -0.0110 0.0074 -0.0049 0.0122
Dispersion (Scale) 1 0.7197*** 0.0256

Autocorrelation Test
Percentage of Years when Spatial 31.58% 31.58%

Autocorrelation found in Residuals
Percentage of Counties where Temporal 1.49% 2.99%

Autocorrelation found in Residuals
NOTE: *, ** and *** represent significance at 10%, 5% and 1% respectively.
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Table 3.8: Estimated Premium Rates

Model Mean Median Std.Dev. Max Min

Trigger Index=1 ignition:
Zero–Inflated Negative Binomial 0.7501 0.8052 0.1956 0.9999 0.1430
Block Bootstrapping ZINB 0.8060 0.8421 0.1382 0.9941 0.2445

Trigger Index=10 ignitions:
Zero–Inflated Negative Binomial 0.2901 0.2175 0.2515 0.9990 3.6628E-5
Block Bootstrapping ZINB 0.3123 0.2743 0.2233 0.9469 6.7177E-4

Trigger Index=100 ignitions:
Zero–Inflated Negative Binomial 0.0143 0 0.0783 0.9783 0
Block Bootstrapping ZINB 0.0042 0 0.0249 0.3993 0

Reimburse if Ignitions > 1 ignition per 100,000 acres
Zero–Inflated Negative Binomial 0.6052 0.6353 0.2642 0.9996 4.6926E-3
Block Bootstrapping ZINB 0.6506 0.7023 0.2389 0.9892 2.2465E-2

Reimburse if Ignitions > 1 ignition per 10,000 acres
Zero–Inflated Negative Binomial 0.1900 0.0357 0.2597 0.9921 0
Block Bootstrapping ZINB 0.1988 0.0428 0.2614 0.9366 5.9950E-15

Reimburse if Ignitions > 1 ignition per 1,000 acres
Zero–Inflated Negative Binomial 0.0093 0 0.0511 0.8318 0
Block Bootstrapping ZINB 0.0079 0 0.0339 0.3754 0
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(a) Wildfire Outbreaks by Cause

(b) Burnt Acreage by Cause

Figure 3.1: Wildfires Caused by Different Hazard Sources
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Figure 3.2: Annual lightning wildfire ignitions in three neighboring counties from 1987
to 2005
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(a) 1995 (b) 1996

(c) 1997 (d) 1998

(e) 1999 (f) 2000

Figure 3.3: County–level lightning fire ignitions during 6 consecutive years in Florida:
on each map, 4 different colors represent 4 levels of outbreaks separated by quartiles.
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(a) Distribution of Burnt Ratio

(b) Distribution of Ignitions

Figure 3.4: Distribution of Lightning Wildfires
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(a) Actual Lightning Fire Density

(b) Average Premium Rates by ZINB Model (c) Average Premium Rates by Block Boot-
strapping ZINB Model

Figure 3.5: Average lightning fire density and estimated premium rates (trigger index
is one ignition per thousand acre of foresltand) between 1987–2005
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Conclusion

People have been using financial instruments to deal with natural disasters for a long time.

Both ad hoc compensation and more formal institutional arrangements are observed. The

former usually refers to the disaster relief granted by the government. However, we found

that such assistance can only benefit a fairly small amount of victims. While the private

insurance market for home owners is adequately developed, there is essentially no such

a market for timberland owners. This paper provides a potential solution. Major natural

disaster hazards for timber losses are evaluated, such as wildfire, SPB and lightning.

Single–peril index insurance plans against risks of these natural disasters are proposed

respectively.

Chapter 1 evaluates a single–peril index insurance plan to compensate timber owners

against wildfire risks. The actuarially fair premiums (rates) are estimated and a hypo-

thetical validation study to operate such insurance programs is also performed. According

to the loss ratios, insurance providers should find such programs financially viable. Since

the viability of such index insurance plans is verified, an insurance market for natural

disaster payments may evolve in the future.

To develop such insurance scheme, the spatio–temporal dependence for wildfires in

Florida at the county level is identified. Two new structural models that revised the

spatial autocorrelation models of Ord (1975) are developed and evaluated to explicitly

address the spatio–temporal features of wildfire risks. Unlike previous methods which only

model the lagged spatial dependence, the contemporaneous spatial dependence is incorpo-

rated in our models. In our two models, different maximum likelihood estimation methods

are used to estimate parameters. This study is based upon Florida wildfire loss records

from 1980 to 2005, with crucial relevant information, such as the National Forestry Inven-
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tory and Analysis (FIA) database, the Regional Economic Information System (REIS)

database and the National Climate Data Center (NCDC) database. The overall results

suggest that our proposed statistical models are more desirable than conventional models

in recognizing spatio–temporal autocorrelation and calculating premiums (rates).

For SPB, there is no viable financial instruments to hedge risks brought about by

such a pervasive hazard. As the disaster relief is never targeted at timber losses caused

by SPB, the U.S. timber owners often find themselves with no means to recover losses

after SPB epidemics. To accommodate this issue, chapter 2 suggests a potential approach

to compensate their losses at no cost of overall social welfare. A single–peril index in-

surance scheme against SPB risks is proposed to compensate the losses caused by SPB

epidemics. Such an index program is based upon county–level statistics. An indemnity

payment is triggered when an epidemic occurs. Associated actuarially fair premium rates

are calculated and mapped. Hypothetically, if such an insurance program becomes avail-

able, a private market for risk sharing of pest damages and cost sharing of pest control

will emerge. Compared with a direct subsidy from the government (i.e. the SPB preven-

tion program) which is completely exogenous and usually results in a welfare loss, such

a market mechanism should be more efficient in pricing risks.

Different from existing literature, chapter 2 presents the first study on the broadscale

frequency of SPB infestations, i.e. county–level spot finds. Since economic losses caused

by SPB are more closely related to its intensities rather than probabilities, the study on

the frequency of SPB outbreaks should be more useful to identify the pattern of SPB

infestations and precisely estimate the associated costs. One difficulty of this study is

that the distribution of this variable, though, is extremely right skewed with excessive

zeros. In order to better estimate its probability densities, zero–inflated count models

are adopted. Particularly, the zero–inflated negative binomial model fits best. Further, to
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control for spatio–temporal autocorrelation of SPB risks, a non–parametric block boot-

strapping method is used. The estimation results suggest some potentially important

forest management implications. Most covariates are found to be significantly causal fac-

tors for SPB risks. For example, drought and high temperatures appear to enhance SPB

hazard significantly. Another prominent finding is that different tree species can affect

SPB hazard through fairly different ways. Thus timber owners and forest agencies may

take preventive actions to protect pine properties against SPB by managing forests ap-

propriately, such as to expand the establishments of certain types of tree stands, like long

/ slash pines.

Lightning is the main hazard source of wildfires, but the losses caused by lightning–

induced wildfires can hardly be recovered. Chapter 3 presents a study to price such

risks and design an associated insurance program. Several diffident empirical models are

used to analyze the spatio–temporally autocorrelated lightning wildfire risks in Florida.

Although the autoregressive models better control for the spatial autocorrelation, the

zero–inflated negative binomial models provide the best fit. A single–peril fire insurance

program against lightning fire risks is proposed. Particularly, the frequency of lightning

fire ignitions is selected as the index. Because such an index is almost unaffected by

human related activities, the moral hazard issue can be minimized. Based upon the esti-

mated conditional probabilities that are obtained from empirical models, actuarially fair

premium rates of a single–peril index insurance scheme are calculated. Moreover, chapter

3 also provides important insights for forest management agencies to control and mitigate

natural wildfire hazard. The impacts of the important conditioning factors are examined.

Almost all the conditioning variables, in most scenarios, exhibit statistically significant

relationships with lightning wildfire risks. Some tree species such as loblolly/short pines

are more vulnerable to lightning fire risks, while others like long/slash pines are more
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resistant. In the meantime, certain climatic conditions can also affect the likelihood of

lightning fire ignitions. Further, lightning fires are more likely to occur in rural regions

where the population is small. Therefore, an appropriate spatial and temporal allocation

of fire suppression efforts may help reduce the damage caused by natural wildfires.

For the three disasters that are studied in this paper, they are all found to be spatio–

temporally correlated. Mitigation actions, if take, might introduce positive externality

which might lessen the transmission of these risks. Therefore, we consider an indemnity

payment consisting of both timber loss and mitigation costs. Contagious hazard usually

presents an ideal case favoring government subsidies (e.g. Goodwin and Vado 2007). Be-

cause of the strong externality that the government subsidized mitigation actions may

cause, the overall welfare of the society may be improved. To the federal and state govern-

ments, such an insurance program may become an alterative outlay for the subsidy funds.

Also the government and the society in general may benefit from such an approach since

insurance may be more widely available and high–risk agents are more easily targeted.

However, risk profile may evolve after insurance adoption and strong spatio–temporal

dependence of risks may also cause moral hazard issues. Therefore, this study only fo-

cuses on modelling the single hazard and estimating associated actuarially fair premium

rates with proposed index insurance products. The necessity and effectiveness of possi-

ble government’s involvement in the disaster payment markets remains open for future

research.
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Appendix A

A Regression Model with
Autoregressive Spatio–Temporal
Dependence

Ord (1975) summarized a number of estimation methods accounting for spatial autocor-

relation. A first order spatial autoregressive model can be formulated as

Y = ρWY +Xβ + ε, (A.1)

where Y = (y1, ..., yS)′ is the vector of observable variables in all the spatial units. W

represents a predetermined weight matrix to measure spatial interaction, while ρ and

β are parameters. Although parameters can be estimated using an adjusted maximum

likelihood algorithm (Ord, 1975), this model can only handle static purely spatial auto-

correlation and it lacks the power to forecast future values of observable variables. To

develop a space–time model, Cliff and Ord (1975) suggested to further this approach by

adding a time subscript into the equation

Yt = ρWYt +Xtβ + εt. (A.2)
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Temporally lagged dependent variables are allowed to be included in Xt as long as they

are assumed to be uncorrelated with εt (Johnston (1972) [p.352], Cliff and Ord (1975)

[p.320]), and standard simultaneous equation system estimation methods can be applied.1

From (A.2), we can get AYt = Xtβ + εt, where A = I − ρW . Given εt ∼ i.i.d.N(0, σ2IS),

we derive the log–likelihood function for ρ, β and σ2 as

l(ρ, β, σ2) = T ln(|A|)− ST

2
ln(2πσ2)− 1

2σ2

T∑
t=1

(AYt −Xtβ)′(AYt −Xtβ). (A.3)

Take ∂l
∂β

= 0 and ∂l
∂σ2 = 0, we get

β̂ = (
T∑
t=1

X ′tXt)
−1

T∑
t=1

X ′tAYt (A.4)

and

σ̂2 =
1

ST

T∑
t=1

(AYt −Xtβ̂)′(AYt −Xtβ̂). (A.5)

Substituting (A.4) and (A.5) back into the likelihood function, ρ̂ is the value of ρ which

maximizes

l(ρ, β̂, σ̂2) = T ln(|A|)− ST
2

ln(2πσ̂2)− ST
2

= −TS
2

ln(|A|−2/Sσ̂2)−(ST/2)(ln(2π)+1).

(A.6)

Since T and S are constants, to maximize the above equation is actually to minimize

1When the lagged dependent variable is addressed in the covariates, the vector of independent vari-
ables can be written as Xt = [Yt−1, Zt], where Zt represents all the other independent variables except
the lagged dependent. Consequently, equation (A.2) can also be explicitly expressed in a spatio–temporal
autoregressive form, Yt = ρWYt + Yt−1β1 + Ztβ2 + εt, similar to equation (3.4).
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(|A|)−2/Sσ̂2. A matrix transformation can simplify |A| = |I − ρW | =
S∏
i=1

(1− ρλi), where

{λi} are eigenvalues of the weight matrix W . As a result, the objective is to find ρ̂ to

minimize

{
S∏
i=1

(1− ρλi)}−2/S[
T∑
t=1

Y ′t (I − ρW )′(I − ρW )Yt

− (
T∑
t=1

Y ′t (I − ρW )′Xt)(
T∑
t=1

X ′tXt)
−1(

T∑
t=1

X ′t(I − ρW )Yt)], (A.7)

in which ρ̂ can be determined by a direct search. At the same time, β̂ and σ̂2 can be

evaluated by

β̂ = (
T∑
t=1

X ′tXt)
−1

T∑
t=1

X ′t(I − ρ̂W )Yt (A.8)

and

σ̂2 =
1

ST

T∑
t=1

((I − ρ̂W )Yt −Xtβ̂)′((I − ρ̂W )Yt −Xtβ̂). (A.9)

From equation (A.3), the information matrix I(ρ, β, σ2) is derived as


T

S∑
i=1

λ2
i

(1−ρλi)2 + 1
σ2

T∑
t=1

E(Y ′tW
′WYt)

1
σ2

T∑
t=1

E(Y ′tW
′Xt)

1
σ4

T∑
t=1

E(ε′tWYt)

1
σ2

T∑
t=1

E(X ′tWYt)
1
σ2

T∑
t=1

X ′tXt 0′

1
σ4

T∑
t=1

E(Y ′tW
′εt) 0 ST

2σ4

 .

(A.10)
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If we define B = WA−1, the above expectations can be simplified as E(WYt) = BXtβ,

E(Y ′tW
′WYt) = σ2tr(B′B) + β′X ′tB

′BXtβ and E(ε′tWYt) = σ2tr(B), where tr(·) is

the trace function. Therefore, the asymptotic covariance matrix for parameters can be

estimated by

V̂ (ρ̂, β̂, σ̂2) =

σ̂2


σ̂2T [

S∑
i=1

λ2
i

(1−ρ̂λi)2 + tr(B̂′B̂)] +
T∑
t=1

β̂′X ′tB̂
′B̂Xtβ̂

T∑
t=1

β̂′X ′tB̂
′Xt tr(B̂)T

T∑
t=1

X ′tB̂Xtβ̂
T∑
t=1

X ′tXt 0′

tr(B̂)T 0 ST
2σ̂2



−1

,

(A.11)

where B̂ = WÂ−1 = W (I − ρ̂W )−1. Meanwhile, the forecast for the response variable

can be expressed as

Ŷt = (I − ρ̂W )−1(Xtβ̂). (A.12)
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Appendix B

A Model with Spatio–Temporally

Dependent Errors

As an alternative to the model (A.2), another model with spatio–temporally dependent

errors can be specified as

Yt = Xtβ + Ut, (B.1)

Ut = ρWUt + qUt−1 + εt. (B.2)

Similar to Appendix A, as long as the components of Ut−1 are uncorrelated with εt, we

can use simultaneous equation estimation methods to solve this dynamic system. The

log–likelihood function can be written as

l(ρ, β, σ2) = T ln(|A|)− ST

2
ln(2πσ2)− 1

2σ2

T∑
t=1

(AUt − qUt−1)′(AUt − qUt−1), (B.3)
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where Ut = Yt − Xtβ. To circumvent the statistical complexity to estimate parameters

using maximum likelihood functions, Cochrane and Orcutt (1949) devised an iterative

algorithm in the time series context. Ord (1975) later modified Cochrane and Orcutt

(1949) method in models with spatial dependent errors, and produced consistent results.

We next develop a similar algorithm to handle spatio–temporally autocorrelated errors:

1. Compute the OLS residuals from (B.1), say Ũt.

2. Find the maximum likelihood estimates of ρ and q from Ũt = ρWŨt+qŨt−1εt, using

the algorithm in Appendix A, call ρ̃ and q̃.

3. Construct new variables Ỹt = Yt − ρ̃WYt − q̃Yt−1 and X̃t = Xt − ρ̃WXt − q̃Xt−1,

and get a new estimate β̃ by an OLS regression of Ỹt on X̃t.

4. Construct the new residuals Ũt = Yt −Xtβ̃, and return to the 2nd step.

5. Repeat steps 2–4, until estimates converge.

Sargan (1964) has demonstrated that this type of algorithm guarantees the convergence

to a local minimum in the time series models. Although the same conclusion remains

unproven either in the spatial models or in the spatio–temporal models, our empirical

results confirm that our proposed algorithm converges fairly quickly. It is also possible

that several local minima may exist. However, this issue can definitely be avoided by

selecting a reasonable initial point, i.e. in our case any value of ρ ∈ (0, 1), and considering

the sensitivity of estimates to different start values.

Following the same notations in Appendix A, the corresponding asymptotic covariance

matrix for the model with autocorrelated errors can be estimated as
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V̂ (ρ̂, q̂, β̂, σ̂2) =

σ̂2



V̂11

T∑
t=1

q̂Û ′t−1B̂Ût−1 V̂13 tr(B̂)T

T∑
t=1

q̂Û ′t−1B̂
′Ût−1

T∑
t=1

Û ′t−1Ût−1

T∑
t=1

Û ′t−1(ÂXt − q̂Xt−1) 0

V̂ ′13

T∑
t=1

(ÂXt − q̂Xt−1)′Ût−1 V̂33 0′

tr(B̂)T 0 0′ ST
2σ̂2



−1

,

(B.4)

where V̂11 = σ̂2T [
S∑
i=1

λ2
i

(1−ρ̂λi)2 +tr(B̂′B̂)]+ q̂2
T∑
t=1

Û ′t−1B̂
′B̂Ût−1, V̂13 =

T∑
t=1

q̂Û ′t−1B̂
′(ÂXt− q̂Xt−1),

V̂33 =
T∑
t=1

(ÂXt − q̂Xt−1)′(ÂXt − q̂Xt−1), Ût−1 = Yt−1 − Xt−1β̂ and σ̂2 = 1
ST

T∑
t=1

(ÂÛt −

q̂Ût−1)′(ÂÛt − q̂Ût−1). Hence, the dependent variable can be predicted by

Ŷt = (Xtβ̂) + q̂(I − ρ̂W )−1(Yt−1 −Xt−1β̂). (B.5)
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