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ABSTRACT

Housing markets near forests and wildland should capitaize into prices the vaue of forest
amenities such as recreational opportunities, attractive scenery, and clean air. The expanding
wildland-urban interface has made wildfire a frequently discussed and contentious public
policy issue over the past decade. Asresdentid communities expand into natura aress,
more lives and property are placed at risk of death and destruction from wildfire. Housing
markets are impacted by both the mere presence of fire risk aswell as the damage to forest
amenities and property that accompanies awildfire. The purpose of thisresearchisto
empiricaly identify these reqponses. A data set comprised of resdentiad housing sales from
1992-1996 in Chelan County, Washington was used to determine how the market responded
to the 1994 fires in the Wenatchee Nationa Forest that burned over 180,000 acres. The
resultsindicate a decrease in the willingness to pay to live near the burned areafor a Six-
month period in early 1995. Thereisno change in the willingnessto pay to live near areas of
relatively higher fire risk defined by higher fud leves, which can be interpreted as alack of
support for collective protective measures that would reduce fuels. Additionally, the hedonic
price for afire-resstant roof increases gradually for 18 months before dropping to pre-fire
levelsin the second half of 1996. This result indicates that the subjective or perceived risk of
property damage from wildfire behaved in asimilar fashion and suggests either arisk
threshold below which the household disregards therisk of fire or agenerd lack of

awareness of risk.
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. INTRODUCTION

OVERVIEW

Wildfire is one of the most frequently encountered naturd hazards in the American
west. From 1990 to 2000, roughly 91 percent of large fires (fires over 1,000 acresin size)
and 96 percent of acres burned by large fires have occurred in the interior west of the United
States (GAO, 1999). Frequent, low-intengity fires that cleared brush and small-diameter
fuds have historicaly characterized the fire regimein the interior west. This historic regime
has, in generd, changed to one dominated by less-frequent, high-intengty wildfires This
shift has occurred for several reasons. More than haf a century of suppressng dmost al
fires has resulted in a buildup of brush and smdl-diameter fuelsthat carry fire to the crowns
of larger trees. Additiondly, the share of forest vegetation in less-wildfire tolerant species
has increased as aresult of grazing practices, timber harvesting that removed the more fire-
tolerant trees, clear-cutting that promoted the growth of less fire-tolerant types of trees and
vegetation, and the introduction of nonnative species (GAO, 1998). These more intensefires
areinlarge part aresult of denser standsfilled with both fudl that has accumulated in the
absence of the less intense fires as well as less fire-adapted species. In combination with
extreme weather events such as the EI Nino/La Nina cycle and the risk to human lives and
property associated with an ever-expanding wildland urban interface, the change in fire
regime has led to a sgnificant alocation of resources to both reduce the risk of fires and
suppress them once they start. According to Managing the Impact of Wildfires on

Communities and the Environment: A Report to the President In Response to the Wildfires of



2000, suppression resources during the 2000 fire season included 29,000 people, 1,200 fire
engines, 240 helicopters, and 50 airtankers.

Risk reduction and suppression are not the only economically relevant costs of
wildfire. Timber market didocations, lost tourism and recrestion, and increased hedlth-
related expenditures dl result from large fire events. Wildfire can have a devadtating effect
on communities and surrounding environmenta amenities. Wildfires that destroy large tracts
of forest result in aloss of scenic beauty and recregtion opportunities. Additiond issues
facing communities are the loss of wildlife habitat, decreased water qudlity, the increased
threat of floods and eroson, and the questions concerning the sdvage of any remaining
timber. Thefiresin northeastern Floridain 1998, concentrated in the St. John's Water
Management District, destroyed 500,000 acres. The result was $620 million in economic
losses, including $100 million in federal suppression expenditures, $138 million in lost
tourism, $354 million in timber losses and market digtortions, and $10 million in insured
property (Mercer et a. 2000).

Wildfire and Property Markets

Damage and destruction to property isthe primary impact of wildfires on property
vaues. However, wildfire need not damage or destroy a house to have its effectsfelt in
property markets. The presence of wildfire risk aone (without the redlization of fire) should
be capitdized in the price of aresdence. Because wildfirerisk varies spatidly and
households have preferences for varying levels of risk, alower value should be assgned to a

house with higher fire risk than a house with alower levd of firerisk.



A wildfire event that damages a forest resource near a property can also have an
impact on that property’ sprice. The price of the house should capture the household's
willingness to pay to live near woodland because forests provide benefits to the househol d.

A wildfire can impact these benefitsin two ways. The first is a pure amenity aspect.
Housing markets located near forested land provide resdents with visua and aesthetic
amenities that may be damaged during afire. The loss of sanding timber and a blackened,
denuded landscape can deduct from aforest’ s aesthetic value.

The second way fire impacts property vaues through damage to the forest resourceis
reduced access to recreationa opportunities. Decreased water quality, impaired wildlife
habitat, and damaged trails and roads can reduce the demand for forest recreation. Englin et
a. (1996) observed losses of $15.46 per canoe trip in 1993 from the 1983 Long Lakefirein
Nopiming Park, Manitoba. Loomiset d. (2001) find that the number of years since a crown
fire had a pogtive effect on the demand for mountain biking trips and vaue per trip.

However hiking trips and vaue per trip decreased in the years following a crown fire. Note
that the pure amenity and recreation qualities of woodland are not necessarily independent.
The desirability of forests for recreation purposes often depends on the scenic amenities the
forest provides.

From the assumptions made above, changesin the risk of wildfire and changesin the
level of amenity provided by the forest resource will likely be accompanied by changesin
property values. However it can be difficult to separate out the effects of fire risk and the
levels of forest amenity. Thisis because sgnificant corrdation may exist between fire risk

and amenity level. Itisnot hard to imagine that areas with high scenic beauty might also be



those mogt at risk to a catastrophic fire event. To assist in this discussion, consider asmple

amenity/risk matrix that divides amenity and risk into two categories, high and low, for a

representative household.
Risk Level
Amenity Level Low High
Low Low, Low Low, High
High High, Low High, High

Figurel: Risk level vs. amenity level

For example, ahouse located near aforest that provides a high leve of recregtiona
opportunities may aso be exposed to ahigh risk for wildfire, corresponding to (high, high) in
terms of Figure 1. In contrast, a community may implement a plan to reduce the risk of fire
initsimmediate surrounds without reducing the level of forest resources available for
recreation. Thiswould correspond to (high, low) in Figure 1. Given an amenity leve (low
or high), comparing housing prices between communities with different levels of risk (across
arow interms of Figure 1) can provide insght into how households valuerisk. Similarly,
given aleve of wildfirerisk (low or high), examining the difference in housing prices across
the two amenity levels (down acolumn in terms of Figure 1) can dlow meto place avdue
on the forest resource.

RESEARCH OBJECTIVES

Therisk of catastrophic wildfire is an increasing concern to multiple stakeholders as
the boundary between residentia communities and wilderness aress, the wildland-urban
interface, expands. The economic effects of large wildfires extend beyond burned forest and

destroyed sructures. Asthe focus of fire suppression has shifted from fighting al firesto



protecting neighborhoods, homes, and property aong with the forest amenities near human
development, the examination of how wildfire impacts property markets has become crucid.

Only one study has andlyzed the behavior of housing prices in response to awildfire
event. In early 2001, PricewaterhouseCoopers performed an analysis of how the Los
Alamos, New Mexico red estate market responded to the Cerro Grande fire that occurred the
previous summer. The fire resulted in 48,000 burned acres, 300 damaged or destroyed
resdential structures, and 18,000 residents evacuated (Report to the President, 2000).
Examining prices before and after the fire, the results indicated that housing prices did drop
temporarily in the fire's aftermath. Although the PricewaterhouseCoopers study bresks
ground by being the first to look at how aresidential property market responds to afire event,
it is not without shortcomings. Most significantly the methodology employed to estimeate the
impact of the fire on the price of a house was a smple dummy variable, before fire versus
after fire. Further, the report did not attempt to uncover the mechanism that brought about
the decline. As discussed above, wildfires can affect property markets through the
diminution of the forest resource and the risk of fireitself. Findly, the post-fire time series
examined in the PricewaterhouseCoopers report was very short compared to the pre-firetime
series. With severa years of pre-fire data and only alittle over one-haf year of pog-fire
data, the results obtained may not be an accurate reflection of what transpired in the Los
Alamos market.

Over 180,000 acres burned in the Wenatchee National Forest in central Washington
in the summer of 1994, destroying 37 homes and 76 outbuildings (Carrall et d. 2000). Using

housing data from Chelan County, my research quantifies the effect of wildfire on resdentia



property markets. Thiswill be done two ways. The firgt is through the pure risk component
of fire. Wildfire risk varies spatidly, so knowledge of property locations and the level of
wildfire risk surrounding them will dlow me to estimate the impact of differentid risk of
wildfire on housing prices. Viaa Geographic Information System (GIS), property locations
can be assigned aleve of wildfirerisk based on severd proxiesfor risk.

The second effect of the 1994 firesis the impact on the surrounding forest resource.
The occurrence of wildfirein an areanear aresidentia property market provides an
opportunity to study the response of housing prices to a decline in resource amenity. In this
sense anayzing property markets in the presence of awildfire event is a natural experiment:
the wildfire destroys a pre-existing resource alowing the researcher to examine housing
prices under two discrete levels of amenity. Looking at alocation that experiences a
catastrophic wildfire event in comparison to another location with an undamaged forest while
controlling for differentid wildfire risk will provide a means of measuring the impact on
housing prices of reduced forest amenity due to wildfire. My results show a positive
willingness to pay to live near the nationa forest that does not change over the sample time
frame. Prior to the fires, households exhibit a positive willingness to pay to live near the area
that would eventualy burn. However, the coefficient for distance to the burned areaturns
positive for a 9x-month period following the fires when conddering a haf-kilometer
neighborhood of vegetative risk around the house.
CONTRIBUTIONS

This research makes severd contributions. Firg, it fillsin agap in the literature by

atempting to empirically measure the relationship between wildfire and property markets by



accounting for spatid variability in firerisk and the change in amenity level brought about by
afireevent. Further, my results indicate how wildfires affect the vauation of private and
public risk reduction. Individuals and households can privately take action in reponse to
wildfirerisk. Incorporating fire-resstant roofing and Sding materid, ingdling double pane
windows, and clearing combustible brush and debris to create a perimeter of defensible space
around a structure are examples of private actions. My results show an increasing
willingness to pay for aClass A fire resstant roof for two years following the fires.
Collective or publicly funded responses typicdly involve vegetation management
strategies on public lands. Activities such as prescribed burning and prescribed wildfire,
mechanica thinning, and the crestion of firebresks fal into this category. From 1994 to
2000, the Forest Service and Bureau of Land Management increased the number of acres
managed to reduce fire from 500,000 to amost 2.4 million (Report to the President, 2000).
The debate over collective risk reduction strategies can become heated and contentious due
to the conflicting views of forest and wildland stakeholders. The support for or opposition to
vegetation management is hardly black and white, but some generdizations can be made. On
one hand, recregtiona groups involved in backpacking, hunting, or fishing may view
vegetation management drategies with suspicion if they fed there is a chance these activities
will result in decreased forest quality. Likewise, other conservation or environmental groups
may be opposed to such measuresiif there is the perception they take advantage of firerisk to
promoate logging in areas currently off-limitsto harvest. Still othersfed that the only way to
return the forests to their historical, lower risk levelsisto just let them burn. Finaly, some

property owners may be opposed to prescribed burning because of the chance of escape. The



47,000-acre Cerro Grande fire began as a prescribed burn by the National Park Service.
Support for vegetation management strategies comes from those that view such activities as
effective in reducing fire risk as wdl as from indudtries that stand to gain from increased
resource extraction as a result of the opening of areas on public lands previoudy closed to
logging. The coefficient estimates of the risk proxiesin my estimations do not provide any
ingght into the willingness to pay for collective risk reduction.

Asthe awareness of wildfire risk and the damage created by catastrophic wildfire
events increases, the public policy debate on the proper course of action to mitigate risk and
losses gains in importance and visbility. Severd issues are crucid to this discussion, with
the common thread being the role of public and private regponses. The market for wildfire
risk reduction is comprised of the private and collective averting behaviors described above.
Where markets are not well defined or participation is limited, dternative Srategies exist to
mitigate risk. These include restrictions on development in high-risk areas and ordinances on
materias used in housing congtruction (roofing, siding, windows). However, these may not
be well-accepted solutions if homeowners and residents view government mandates as
intrusive and overbearing. How households value public and private Strategies and how
these val uations respond to a wildfire event is an important policy question. Should
government indtitutions alocate funds to collectively reduce risk, or should households be
|eft to their own devices to mitigate risk on their own individua properties? By examining
the behavior of the value that households place on private and public risk reduction over

time, | can determine how a wildfire event changes preferences for these dtrategies.



A find contribution of thisresearch is an analysis of the behavior of household risk
perceptions in response to the information communicated by afire event. Therole of
information in individua assessments of wildfire risk cannot be overstated. Public
information campaigns, the news media, and extreme events themsdlves dl convey
information that helps form risk perceptions. In the United States, FIREWISE seeksto
provide information on wildfire risks and actions that can be taken to mitigate risk to
households in the wildland-urban interface. The news media plays a powerful rolein the
public’'s perceptions of risk. The wildfire season in the western United Statesis typicaly the
summer, when news may be otherwise thin. Scenes of towering flames and burning houses
accompanied by emationally distraught residents are commonplace on netiona evening news
programs from June through Augugt. Findly, residing near awildfire event, independent of
sensational news coverage, can have a profound effect on risk perceptions. Based on the
coefficient estimates of the fire-resstant roof, | will show that the perceived risk of property
damage increased following thefires. | argue that thisisaresult of the increased leve of
information regarding property risk. After some point thisrisk declined. It isunclear
whether decrease was due to a decrease in the information level, or arisk threshold.
However the distinction isimportant because the effectiveness of policy formulations
regarding risk education programs will be different under the two scenarios,

The paper will begin with aliterature review. The firgt section will focus on previous
Sudies that have looked at the impact of forested woodland and open space on property
markets. The second section deals with the risk agpect and reviews work on incorporating

risk in property value modds. There are no existing studies that explicitly examine wildfire



risk, but the models and methods used in the andysis of risk from other naturd disasters
(earthquakes) and environmenta hazards are useful in congdering how to incorporate risk in
both a theoreticd and empiricd context. Thisisfollowed by the development of atheoretica
model of subjective risk and household utility maximization. A discusson of the study area,
the data, and the details of the estimating equation are presented next. Estimation results are
presented and analyzed. Theinitid estimation suggests that the 1994 Chelan fires had
ggnificant, but transent effects on the hedonic prices of amenity and risk proxies. The
theoretica modd is extended and further developed in the palicy section to infer the
willingness to pay for private and collective averting activities and to determine how
subjective risk assessments changed in response to the fire. Interpretations of the results, the

implications for policy, and extensons are considered last.
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[I. LITERATURE REVIEW
THE FOREST ASAN AMENITY

The use of hedonic modes is a popular method to explain the effect of forests and
woodland on residentia property markets. The vaue of trees on aresidentid parcel (on
parce trees) isthe first area of interest, primarily the purview of rea estate appraisal and
arboriculturd literature. Another category of literature focuses on forests and open space
surrounding aparcel. These studies use two main methods to describe woodland' s influence
on aproperty’sprice: distance to aforest amenity and some measure of forest cover or open
gpace around a property. An increase in distance to aforest amenity is expected to have a
negative impact on property values. Measures of forest cover or open space can have
conflicting impacts, depending on how the variable is measured and other variables that
describe the surrounding environmen.

All of the studies examined use avariety of structurd, neighborhood, and
environmenta variables to control for observed heterogeneity within asample. Structura
variablesinclude information on a house and the land it occupies, such as square feet, age,
acres, etc. Neighborhood variables describe the immediate environment surrounding a
parcel. They can be socio-economic (average income, education) or physica (distance to
urban center, access to highways). Environmenta variables incorporate broader and more far
reaching characteristics of a parcel’s surroundings. Distance to aforest, lake, or river and
measures of landscape diversity and fragmentation are examples.

Thisliterature review will contribute to my work in severd ways. Firg, it will reved

the various methods that have been used to measure the value of the forest amenity to a
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household. Distance measures are the most common, but recent works have also used
neighborhood variables such as the percentage of the area surrounding a property that isin
forest cover or open space. Comparing the estimation results in these sudies to my own will
enable me to determine if my results are reasonable. A common theme that emerges from
the previous work is that the forest is rarely viewed as anything other than an amenity. The
risk of wildfire that is associated with ether living near aforest or having a neighborhood
that is characterized by ahigh level of fudsis consdered in only one study. Severd other
studies found negative relationships between forest variables and housing prices but do not
introduce fire risk as an explanation. Thisindicates thet there is sufficient “daylight” in the
literature on woodland and housing prices to warrant thisinvestigation, and for it to make a
contribution in the understanding of how households vaue forests. The review will begin
with asummary of three on-parce studies followed by works concerning surrounding forest
and open-space amenities.
Tree Cover on Residential Property

While the proposed work focuses on the value of off-parcel trees and woodland,
looking & previous studies on the value of on-parcel tree cover isuseful. At the very leadt,
the margina price for trees located on residentia property represent (in part) the amenity
vaue of having tree cover at a zero distance from the property. Dombrow, Rodriguez, and
Sirmans (2000) find that the presence of mature trees (any tree gregter than nine inchesin
diameter) on asample of resdentia Stesin Baton Rouge, Louisana added 1.86% to the
price of ahouse. In astudy of sixty Manchester, Connecticut resdentia properties, Morales

(1980) reports that 6% to 9% of the sales price of houses with “good tree cover” (fifty to
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sixty percent of the lot in mature tree cover) can be attributed to the tree cover. Inastudy of
resdentia propertiesin Athens, Georgia Anderson and Cordell (1985) report that treesin the

front yard contribute 3% to 5% to the sales price at the mean.

Table1l. On-parcel treestudies

Author L ocation Variable Result
Dombrow et a. (2000) Baton Rouge, Mature Tree Cover =1, 0 The presence of mature
LA Otherwise trees increases price by
1.86%0***
Morales (1980) Manchester, CT Mature Tree Cover =1, 0 Mature tree cover increases
Otherwise price by 6%-9%"
Anderson & Cordell Athens, GA Number of Treesin Front Treesincrease price by
(1985) Yad 3%0-5% **

*** gignificant at 1%
**  ggnificant at 5%
* significance not reported

Forests and Open-Space as an Off-Parcel Amenity

The evduation of the vaue of off-parcd tree cover and woodland to resdentia
property seemsto fal into two generd categories. Thefird isin the context of urban forest
amenities. These usudly refer to “greenbets’, areas of open space within or around a
broader urban area, or other urban forests or wooded recreation areas. Forests and woodland
are the second category.
Greenbelts and Urban Tree Cover

Lee and Linneman (1998) examine the impact of Seoul’ s greenbelt on land markets.
They create a structurd model where the level of greenbelt consumed is afunction of the
number of users and bility to the greenbelt. From this mode, they expect land vaues
to decrease with an increase in distance to the greenbelt. Lower travel costsfor arecrestiona
trip to the greenbelt, scenic amenities, and clean air amenities are respongble for this

distance gradient. Increased congestion may aso cause changesin the distance gradient over
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time. Their empirica results find that land vauesfdl by 4% for each one-kilometer increase
in distance from the greenbelt. The authors suggest that thisis aredatively large estimate.

Corrdl, Lillydahl, and Singdll (1978) evauate the effect of distance to greenbelts on
resdentia property marketsin Boulder, Colorado. The authors explain thet differencesin
prices that can be attributed to the amenity are equa to the discounted value of the stream of
amenity benefits from the greenbelt, which conveys two public good aspects. Thefirgisa
pure public good that al the residents of Boulder can consume such as scenic backdrop and
option vaue (resdents may pay to preserve greenbelt open space even though they have no
plansto useit a present). The second is a quasi-public good aspect that benefits those who
live nearest to the greenbelt. Thus distance creates an exclusion effect. Because
consumption is therefore rival, property values should include arent for greenbelt amenity
that should decline with distance to the greenbelt. Thisisthe generd theoretica foundation
for the vaue of proximity to aforest resource. The empiricd modd, which regresses price
on distance to the nearest greenbdt estimates that thereis a $13.78 drop in price for a one-
meter increase in distance to a greenbdt (for their aggregate sample). An eevation variable
to examine the vaue of view was included in one specification but was found to have an
indgnificant coefficient. The authorsindicate that lower eevation may not necessarily mean
aworse view.

Tryvdinen and Miettinen (2000) look at the value of urban forests based on a study of
the sales of terrace residences in the district of Salo, Finland. The authors believe that
recreation and scenic amenities are the largest benefit sources of urban forests, with clean air

and quiet from urban congestion secondary benefits. Four variables are used to capture the
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amenities that urban forests provide: distance to the nearest wooded recregtion area, distance
to the nearest forested area (or forest park), view of aforest (1 = yes, 0 = no), and view of a
park (1 =yes, 0=no). Inthefirst empirica specification, an increase of one kilometer to a
forested park decreases the sdlling price for aterrace house by 5.7% while aforest view
increases the same price by 4.9%. A second specification broke down the distance to the
nearest forest park into five categories (adding four dummy variables to the model). The
percentage increase in salling price was highest for properties closest to the forest park (.005

- .999 km) and declined as distance increased. A forest view in this specification added 4.2%
to the price of a house.

Inaclosaly rdated study, Tryvéinen (1997) studies how urban forests affect
gpartment sales prices in North Cardlig, Finland. From the empirica results, an additiona
100 meters to a recreation area decreases the price per square meter by 1.6 % while an
additiona 100 metersto aforest park increases the price per square meter by 14.6%. The
author gives severd possible explanations for this result, but fire risk is not one of them. A
one percent increase in green gpace in an gpartment’ s housing district increased the price per
sguare meter by .3%.

Forests and Woodland

The studiesin this category rely primarily on measures of forest cover (as opposed to
distance to aforest) to describe the amenity. Geoghegan, Wainger, and Bockstadl (1997)
assert that resdentia property values are affected by the pattern of land uses around agiven
area. In one specification, open space ismeasured at .1 km and 1 km buffers around each

property. A 1% increasein open space within a.1 km buffer increases a property’ s price by

15



1.89%, while a property’ s price decreases 3.4% with a 1% increase in open space withina 1
km buffer. These resultsindicate that only open space in the household' s immediate
neighborhood is vaued.

Geoghegan (2002) examines how the percentage of land open-space within a 1.6 km
buffer (one mile or a 20-minute walk) of a property affects property vauesin Howard
County, Maryland. Two types of open-space are incorporated: permanent, such as parks and
other areas with conservation easements that cannot be developed, and developable (private
forested and agriculturd land). A 1% increase in permanent and devel opable opent space
increases price by 25.7% and 7.4% respectively. The author explains that this suggests that
househol ds place more vaue on open space that is not subject to future development. Ina
study of an urban watershed in New Haven, Connecticut, Acharya and Bennett (2001) find
that a 1% increase in open-space within a 1.6 km radius increases sdlling price by .06%. This
issharply lower than Geoghegan'’s result.

Schultz and King (2001) look at the senstivity of hedonic resultsto varying levels of
land use aggregation in the area of Tucson, Arizona. Ther results indicate that aggregating
at differing spatia scaes (census block, block group, or tract) does not affect the estimated
coefficientsjointly. However, the authors report some complex relationships between
housing prices and differing types of open space. At the census block leve, being a tenth of
amile closer to large natural resource areas increases ahouse' s price by $59. Being atenth
of mile closer to aneighborhood park decreases price by $469. Additiond proximity to
Class | wildlife habitat decreases price by $108 while price increases $349 for additiona

proximity to Class Il wildlife habitat. The authors assert that Class | ismore ecologicaly
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critical and prigtine than Class 11 and that the negative value associated with Class | may be
dueto the risk of flooding associated with these areas. Thistype of andlysisisinteresting
because it uses various measures of open space amenities and at least implicitly tekesinto
account the risk associated with natural resource spillovers

Powe, Garrod, Brunsdson, and Willis (1997) use GISto estimate the value of
woodland in Southampton and New Forest, Great Britain. A forest access index is developed

and calculated for each house that incorporates both the area and proximity of forested land.
Forest accessindex = § . (areay /distance 2)

A 1% increase in theindex resultsin a .046% increase in price.

Garrod and Willis (1992b) and Garrod (1994) maintain that the willingness to pay for
aresdentid property depends (among other things) on neighborhood and environmenta
characteristics. In astudy that includes amost 5,000 kn? of central England and 2,000
observations, they estimate how the approximate cover by forests, water, and parkland
(“countryside characterigtics”) influences housing prices. The empirica results indicated that
the continuous measure of forest cover was not sgnificant. However a dichotomous varigble
indicating whether there was at least 20% woodland cover in the 1 km square that a property
was located was sgnificant. The proximity of at least 20% woodland cover raised a houses
price by 7.1%.

In aseparate study, Garrod and Willis (1992a, 1992¢) and Willis and Garrod (1992)
examine how different forest types influence property vaues. The authors sought to model
both the willingness to pay to be proxima to aforest amenity and the willingness to pay for

the pure amenity value of forests. This study utilized a sample of over 1,000 properties
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located within a 1 km square of Forestry Commission land in Great Britain. The variable of
interest is the percentage of forested area covered by six age groups in three categories of
trees (broadlesf, larch & pine, and other conifers) in each 1 km square. The percentage of
forested areain broadleaf increased price by 42.81 pounds, while the percentage of forest in
conifers decreased price by 141 pounds. The larch and pine variable was not significant (and
therefore not reported).

Reporting findings smilar to that of Geoghegan et d. (1997), Wells (2001) develops
measures of the level of forest canopy at 100- and 500- meter buffers from residentiad
properties in Flaggtaff, Arizona. Canopy closure, the percentage of stand area that occupied
by tree crowns, isaproxy for stand dengty. Hisresultsindicate a.028% increasein price for
each additiona sguare meter of medium canopy cover within a 100-meter buffer. With a
500-meter buffer, price increased .056% for a 1% increase in the average level of medium
canopy cover but decreased .17% for aSmilar increase in the average leve of high canopy
cover. The paper suggests that the decrease due to high canopy cover at the 500-meter buffer
may reflect households preferences for woodland with lower fud loads. Thisisthe only
study to mention wildfirerisk as an explanation for forest variables that decrease the price of
ahouse. Mandfidd et d. (2002) use avariety of variables to account for the effect of urban
forests on the price of residentid parcelsin the Research Triangle area of North Carolina. In
amodd including mean “greenness’ price drops .043% for every additiona ten meters from
an inditutiona forest and .014% for every additiona ten meters from a private forest block
of forty acresor more. Table 2 summarizes the results of the studies looking a housing

prices and forests and open-space.
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Table2: Summary of studiesfocusing on forests and open-space surrounding a parcel

Author L ocation Variable Result
Lee& Linneman | Seoul, Korea Dist. to Greenbelt 4% dec. *** inpricewithal km
(1998) (km) inc.
Correll et d. Boulder, CO Dist. to Greenbelt $13.78 dec.** inpricewithalm
(1978) (m) inc.
Tryvéinen Salo, Finland Dist. to Forested Park | 5.7% dec.*** in pricewithalkm
& Migettinen (km), Forest View = inc., 4.9% inc.*** with forested
(2000) 1, 0 otherwise view
Tryvédinen North Carelia, Finland Dist. to Wooded Rec. | 1.6% dec. ** & 14.6%inc. *** in
(1997) Area, Dist. to price/n? w/ addt’| 100 metersto a
Forested Park, rec. area & forest park
Relative Anmount of respectively; .3%inc. *** in
Forested Area price/nf with a1% inc. in green
space
Geoghegan et al. | Patuxent Watershed, Percentage of open Priceinc. of 1.89%***, & dec. of
(1997) MD spaceat.1& 1km 3.4%*** with a1% inc. in open
buffers spacegiven .1 & 1km buffers
respectively
Geoghegan Howard County, MD Proportion of 1.6 km Inc. in price of 7.4%**and
(2002) radius in permanent 25.7%*** with 1% inc. in
and developable permanent and devel opable open-
open-space space respectively
Acharya & New Haven County, Open spacew/in a 1% inc. in open-spacew/inal
Bennett (2001) CT 1.6 kmradius mileradiusinc. price by .06%***.
Schultz & King Tucson, AZ Proximity to large Add’| proximity inc. price by
(2002) nat. res. areas, $59** for large nat. res. areas,
neighborhood parks, | dec. price by $469*** for parks,
and wildlife areas dec. price by $108*** for Class|
habitat, and inc. price by $349***
for Class || habitat.
Poweet al. Gresat Britain Forest AccessIndex | .046%inc.*** inpricewithal1%
(1997) (seetext) inc. in the index
Garrod & Willis | Central England 20%forestcover=1, | 7.1 % inc.*** in pricew/
(1992h) 0 otherwise proximity to 20% woodland
Garrod & Willis | Great Britain Proportion of areain | 42.81 poundinc.*** & 141 pound
(1992a) three tree types dec.*** in pricewitha1%inc. in
broadleaf areaand conifer area
respectively
Wells (2001) Flagstaff, AZ nt of med. and high .028% inc.** in pricew/ 1% inc.
canopy cover w/in in med. canopy w/in 100 m
100 mand 500 m buffer; .056% inc.*** and .17%
buffers dec.*** in pricew/ 1%inc. in
med. & high canopy w/in 500 m
buffer respectively
Mansfield, et al. Research Triangle, NC Distance to .043% dec. *** and .014% dec.**
(2002 institutional and inpriceforal0 minc. toan
private forest block institutional and private forest

boundaries (m)

block respectively

**% ggnificant at 1%
**  ggnificant at 5%
*  gignificant at 10%
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A variety of variables, serving asforest and amenity proxies, are used in these works.
Digtance, which embodies qualities such as viewshed, recreetion access, and air quality, is
the most popular. More complex spatia variables such as those used by Geoghegan et d.
(1997) and Wdlls (2002) connote different vaues. Dengity measures represent the leve of
forest fragmentation and fud loading. Only two of the above papers make any connection
between natura resources and risk. Wells (2002) suggests that his resultsimply a
willingness to pay to reduce the fud levels associated with high canopy. Schulz and King
(2001) note that the progpect of flooding in more pristine areas may explain their results.

There is an explanation for thislack of conjecture onthe role that natura resource
risk playsin determining housing prices. It isdifficult to separate out the amenity and risk
qudities embodied in aforest resource. Many natura resources present the risk of
disamenities in addition to the amenities they provide. Riversmay flood. Coastd areas are
at risk of violent storms, hurricanes, and tidal forces. Wildfire threatens forests and
woodland. The same measures that seek to capture the positive spillovers from aresource
may aso represent some measure of risk to the household from that resource. For example,
decreasing the distance to the forest boundary increases viewshed and recreation
opportunities but dso increases the risk of property damage dueto afire. Inthe empirica
application to my work, | will use distance to the forest to proxy for the forest amenity and
neighborhood vegetation dengity to proxy for the risk component. A short examination of
previous hedonic work on risk will assst in formulating the theoretical model and developing

the estimation drategy.
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RISK

Even though there are no empirica sudies of the effect of wildfire risk on housing
prices, the literature on the economic aspects of risk ismassve. Severd previous works on
the effects of risk on resdentia property markets can provide context from both theoretica
and empirical perspectives. The literature dedling with other natura disasters such as
earthquakes and volcanoes is epecidly applicable in thinking about wildfire risk, but
vauable ingght can be obtained from the work on risk from environmental hazards.

Bernknopf et d. (1990) consder how volcano and earthquake hazard notices issued
for Mammoth Lakes, Cdiforniain the early 1980s affected property values. Their study
relied on asurvey ingrument that indicated if the household was aware of the hazards &t the
time the house was purchased. A second measure of risk was the date of purchase- before or
after theissuance of risk notices. They find losses of 8.2% for hazard knowledge and 11.4%
fromtherisk notices. McCleland et a. (1990) aso use a survey instrument to measure the
subjective assessment of risk from alandfill in Los Angeles, CA. Survey respondents and
housing sdles were matched to geographic areas. The risk proxy is the proportion of
respondentsin an areathat believed they were in the high-risk group. Anincrease of 10%in
the proportion of respondents in a given neighborhood that are in the high risk category
decreased a house' s price by 1.5% prior to the closing of the landfill. After the landfill
closed, the proportion of respondents in the high-risk group fell by 24%. This corresponded
to a3.7% increasein price.

Beron et d. (1997) look at the response of property markets in the San Francisco Bay

areato the Loma Prieta earthquake of 1989. Their theoretica model is based on the
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relaionship between perceived or subjective risk and the true or objectiverisk level. Their
first measure of subjective risk is the expected lifetime potentia damage (as a percentage of a
property’ svaue) dueto an earthquake. This measureisingtrumented in afirg-stage
edimation and the estimated vaue is used in the second- stage hedonic equation. A second
risk proxy is adichotomous variable indicating if a property islocated in an areawith
susceptibility to earthquakes (thisisincluded in both the firgt- and second- stage equations).
This captures the “ingtitutional effect” of risk perceptions. The authors state that their

findings indicate that perceptions of risk change with the occurrence of an event. In this

case, they claim that the consumers overestimated earthquake risk prior to the event and
adjusted their risk perceptions downward afterward. A margind change in potentia damage
was responsible for a 6.5% ($20,000) decline in a house' s vaue prior to the earthquake and a
4.2% ($13,000) decline afterward. Being located in afault zone decreased a house' s price by
3.8% ($11,800) prior and 2.8% ($8,800) afterward.

Kask and Maani (1992) derive amodel of risk perceptions and explicitly show how
information changes subjective risk assessments. Information can increase or decrease the
subjective risk level, depending on whether the subjective levd isinitialy below or above
the endowed, or truerisk level. Although the subjective risk leve is unobserved, the change
in the hedonic price of sdf-protection alows them to determine if percelved risk isincreasing
or decreasing.

Gayer et d. (2000) examine cancer risk from Superfund stesin Grand Rapids,
Michigan and housing price responses. Their theoretica model incorporatesrisk in an

expected utility framework. Risk isavariable of the hedonic function but does not enter the
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utility function directly. Thistheoretica specification is consstent with Freeman, Gayer
(2000), and McConndl (1993). The margind price for risk reduction is the differencein
utility in the two uncertain Sates divided by the expected margind utility of income. Asin
Beron et d. (1997) the risk measure, the lifetime excess cancer risk from Superfund stes, is
insrumented on a variety of variablesin afird-stage estimation and estimated values are

used in the second-stage hedonic equation. Gayer (2000) also uses atwo- sage estimation to
control for possible endogeneity of risk.

These sudies provide a foundation for constructing my theoretica modd and
edimation procedure. Therole of subjective risk should be explicitly defined. The work of
Beron et d. (1997) and Kask and Maani (1992) will be very important in developing the
theoretical model in the next section, aswell asin uncovering the behavior of subjective risk
in response to a catastrophic wildfire event in the policy chapter. McConndl’s (1993) model
that incorporates resource proxies (such as distance) as both eements of risk and sources of
utility reveds the difficulty in separating out the impacts of pogtive and negative amenities.
| hope to untangle these confounding effects by including measures of forests that embody
the risk component of forestland, alowing the distance variables to represent only the
amenity attributes and other measures of surrounding vegetation to proxy for the level of

neighborhood fire risk.
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1. THE MODEL
As discussed in the literature review, Rosen’s (1974) hedonic mode provides a
framework to examine how forest amenities contribute to resdentia property vaues. The
theory underlying the hedonic modd states that consumer preferences for the structurdl,
neighborhood, and environmental qualities of a house determine its price (PAmquist). The

price of ahouse (Py) isthe sum of its discounted future rents or benefits (B)

wherer isthe rate of discount and the expected life of the houseis T. A property’sprice
embodies the expected changesin forest condition in its neighborhood and risk to the
property due to wildfire.

The hedonic mode considered here will account for the effects of wildfire on
property markets in two ways- the change in forest amenity due to awildfire and the
presence of wildfirerisk done. Consder firgt the changein forest quaity. Suppose that
households enjoy forests for both pure amenity (scenic beauty) and recreation uses. A
property’ s price should therefore be dependent on forest quality through its viewshed and
opportunities for forest recreation. A wildfire event that impairs the forest’ s pure amenity
and recreation properties would have an impact on the property’ svaue. The household must
congder thisrisk and the associated change in forest amenity when it determines future
benefits. Freeman formulates a hedonic model in the context of uncertainty where ahouse's

price is dependent on the level of damage to the resource in therisky state. In thismode the
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price (Py) will be afunction of abasdine levd of forest qudity where the probakilities of the
different sates of the world determine the leve of future qudity.

The second aspect of wildfire to be included in the hedonic modd isrisk of damage
to the house. Hedonic models that do not include both a messure of the resource and the risk
of damage if both vary independently across space will be misspecified (Freeman 1993).
Wildfire is not a deterministic process, but instead is characterized by a probability
digtribution. Households have preferences for risk. Since wildfire risk varies spatidly (as
well astempordly) and therefore resdential communities will experience different levels of
risk, the price of a house should reflect the assessment of prevailing wildfirerisk. However,
as previoudy explained the subjective assessment of risk may differ from the true or
objectiverisk level. To consder this possibility, | will develop amodd of subjective risk
based on the work of Beron et a. (1997) and Kask and Maani (1992). The usefulness of this
model will become clear when the role of information and the behavior of the hedonic prices
from the estimation results are used to explain the evolution of perceived risk in the study
area.

A MODEL OF SUBJECTIVE RISK

In modedling household behavior in the presence of wildfire risk, two types of risk
must be consdered. Thefirst is the perceived or subjective risk to the household's
neighborhood or surrounding community. Thisrisk implies the probability of damage to the
surrounding area due to awildfire event. 1t should be dependent on the condition of the
foredt, the leve of collective or publicly funded averting behavior, the leve of informeation

about risk available to the household, and other variables. Collective or public averting
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activities, G, arethose that are undertaken by public agencies. Prescribed burning and
thinning small diameter fuels and brush from public lands (state and nationd forests, date
and nationd parks) are examples. 1t is unlikely that the household can perfectly identify the
true, or objective, community risk level. Therefore the perceived level of community risk is
likely to differ from the trueleve. Smith (1996) explainsthat an individud’s hazard
perception is shaped by previous experience with the hazard, current attitudes, expectations
of the future, and persondity and values. Community risk is defined as
2 a®=a®(G,QW,I) where

G isthelevd of collective or publicly funded averting behavior

Q isadtate variable describing the condition of the forest resource

W isavector of other variables, which influence the level of collective risk

I istheleve of information upon which the household bases its perceptions
The variable describing the condition of the forest resource, Q, can be defined over a broad
range. Itisdifficult to precisely say what congtitutes forest condition, but consider the
vaiableinthelimit. At Q =0 theremay beno treesat dl and therefore very littlerisk of a
wildfire. At the upper limit where Q approaches some maximum level of stand density and
firerisk isgreater than at Q = 0. Alternately, Q may define the household’ s access to forest
resources for recreation through such measures as the distance to recrestion opportunities.
The closer the household is to forest recreation, the higher the risk of wildfire to the
household's community. Forest condition can take on amultitude of definitions, but it is not

unreasonable to assume that an increase in forest condition (increased stand density,
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decreased distance to forest recreation, increased viewshed) increases the risk of wildfire

damage to the household’ s community,
fa ©
3 ag= >0.
Q T Q

Assume that collective averting behavior has a non positive impact on community risk,

c
c_Ta

1G

£0.

Thisis probably an overamplification since (as discussed in the introduction) the impact of
collective averting behavior on firerisk islikely ambiguous. Practices such as prescribed
burning may actudly increase the risk of wildfire (through an escaped fire) or have no effect
at al because of extreme westher conditions that dominate any attempt to ater risk. For the
purposes of the mode these possibilities will not be considered.

The second source of risk istherisk of damage to the house. Thisisinfluenced
by the nature of risk to the household's neighborhood, as well as averting activities
undertaken by the household to mitigate the probability of damage. In essencethisisa
quasi-household production framework, where the household takes the subjective community
risk and combines it with averting behavior and information to arrive at the subjective risk of
damage to their home. Risk of property damage is therefore endogenous. Shogren and
Crocker (1991) note that assuming independence between risk and individual actionsis too
redrictive. Private averting activities, A, are those undertaken by the household and include

adopting fire resstant housng materials and clearing fuels from around a structure. | assume

C
that these do not influence the level of community risk (a § = 1:; =0). The household can
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indd| afire-resstant roof and windows to lessen the risk that fire will damage property, but
this does not have any impact on how the household percaives the risk of wildfireinits
broader neighborhood. However, it is possible that the averting activities undertaken by a
household' s neighbors can influence the likelihood of property damage to the household. For
example, if aneighbor clears brush from around her house, there is a decreased chance that
firewill soread from her house to her neighbor’shouse. This spatid lag nature of sdlf-
protection will not be considered here. The subjective or perceived risk of damage to the
household' s primary structureis
5) a®=a°(A,a®(G,Q W,T1),T) where

A is private sdf-protection

a°(G,Q,W, 1) isthe perceived or subjective community risk level.
An increase in the subjective assessment of community risk should increase the subjective

assessment of damage to the house,

Ta®

(6) a’. = > 0.

For example, say the condition of the forest changes because of an increase in sand density.
The household would trandate this change into an increase in the perceived leve of risk to
the overal surrounding community. Becausefireisagpatid process and the household is
part of the larger community or neighborhood that is subject to the perceived community
risk, the house should have an increased probability of damage. In an effort to mitigate the
effects of firerisk in the larger community on the household' s property, private averting

activities are undertaken which decrease the perceived risk of property damage,
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s _Ta
azx=——x<0.
(7) AT A

Note that the bars over the symbols for information and the vector of other determinants of
collectiverisk indicate thet they are not choice variables in the maximization problem beow.
The palicy chapter will consder the implications of changing the leve of information.
THE EXPECTED UTILITY FRAMEWORK

The standard two state expected utility description of the world, with an “event” dtate
and a“no-event” dtate, is not adequate to describe housing markets in the presence of
wildfirerisk. Congder the possible sates of the world in this context. Thefirst Sateis
where wildfirerisk is present and acknowledged by the household, but thereis no redlization
of awildfire event. There is no damage to the surrounding forest resource and therefore no
reduction in the level of amenities provided by the forest, and no damage to the household's
property. In the second state, thereis aredization of awildfire event but no damage to the
household' s property. Thereis some level of damage to the forest and therefore the amenity
levd previoudy provided by the forest isreduced. The third gate of the world isredized
when there is awildfire event that damages not only the forest resource but the household's
property aswell. Disregarding the unlikely state where wildfire damages the house but
leaves the forest resource untouched, a three state modd is necessary to consider all possible
outcomes.

In developing the model, consder each sate in turn. In the no-wildfire date, utility is
afunction of housing characterigtics, the quality of the undamaged forest resource, and a

numeraire good.
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(8) v=Vv(X,Z,Q) where
X isanumeraire good, price normdized to one
Z isavector of housing characterigtics
Q isthe condition or qudity of the forest resource.
The household can dlocate exogenous income between the numeraire good and expenditures
on housing represented by the hedonic price function P,
9) Y =X+P,(Z,A,Qa%a“).
In the wildfire state where the damage is to the community but not the household's property,
utility isafunction of the numeraire, housing characterigtics, and the condition of the forest
in the wildfire state
(10) ve=v(X,Z,Q%).
The household' s assessment of the probability of this State occurring is a © , defined in
equation (2). Theincome condraint is
(12) Y¢=X+P,(Z,A,Qa%ac)
The wildfire state where both the forest and household property are damaged resultsin utility
(12) ve=v(X,Z,Q)
with income constraint
(13) Y®=X+P,(Z,A,Q,a%a").
The subjective probability of thisstate, a ®, isgiven in equation (5). The relationship
between theincomesin the three Satesis
(14) YS<YCeY,
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Income in the Sate where there is damage to household property is less than income in the
community damage state. This s because the household must expend resources to repair
property damage induced by the fire. It isassumed that any damaged property is repaired to
maintain the vector Z at its pre-fire level (hence no subscript on Z inthis state). Incomein
the community damage state is less than or equa to income in the no wildfire state. The
difference in income between these two gtates, if any, could arise from additional
expenditures required to travel to dternate recreation Stes or from health care costs and lost
wage income due to smoke-related illness (these are not trested explicitly in the modd).

Private sdlf- protection or averting behavior does not affect the severity of damage to the
household. Thisimplies that the difference between Y® and Y© in equation (14) is
unchanged by the leve of sdf-protection undertaken by the household. Changing the level
of severity given sdf-protection would require incorporating a damage function to trandate
household averting behavior into damages. Only the probability of damage to household
property is affected by averting effort. If the redization of awildfire does result in damage
to the house, the damage isfixed in severity and amount. This may be overly redtrictive but
it amplifiesthe modd. The condition of the forest resource in the two fire satesis less than
the condition in the basdine/nonwildfire sate due to fire-inflicted damage

(15) QF<Q.

The hedonic price function, Py, increases with the level of housing characteridtics,
averting qudities of the house, and forest qudlity, and decreases with the two leves of

subjective or perceived risk.
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1P, 1P, 1P, .0 1P, 1P,

16 b ) i) )
(10) 1Z, 1A 1Q fa® qa°®

<0.

Of courseif Z;isa“bad", such as age of the house or proximity to awaste incinerator, then

1P,
1Z,

< 0. | assumethat the price of housing is afunction of the subjective risk levelsin the

two wildfire sates. Buyers and sdlers will have assessments of perceived risk based on
observations of the prevailing conditionsin the market. The hedonic price function

represents an envel ope of tangencies of the bid and offer curves for various levels of
subjective risk. With this specification of the hedonic price function and the definitions of
subjectiverisk in (2) and (5), the response paths of the hedonic given changesin G, A, and Q
are somewhat complex and merit abrief discusson. Theleve of public averting effort
indirectly impacts the hedonic through both community risk and structurd risk (viathe

change in community risk).

dPH:ﬂPH s ¢, TR ¢

+

(17) aG ﬂasaacae ﬂa_CaG

Since private sAf-protection efforts are a characteristic of the house, they directly influence

the hedonic. Indirect effects are redlized through the change in structurd risk.

dPH _ ﬂPH ﬂPH S
= + a,
dA 9JA fas

(18)

From my assumptions, (17) and (18) should both be positive. The leve of forest condition
has three pathways for influencing the hedonic price. Thefirst isthe direct path that arises
snce forest condition is a component housing characteristics. Changesin the two risk levels

that accompany a changein forest quaity comprise the indirect impacts.
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The totd derivative of the hedonic with respect to forest condition cannot be signed, asthe
first term is pogitive and the second two are negative. Thisillustrates the conflicting roles
that the forest playsin the household' s purchasing decison. The forest is a source of both
amenitiesand risk. The empirica application will attempt to separate out these two
components of the forest to determine their individua impacts on housing prices.

Indl gates the utility function increasesin the numeraire, “good” household
characterigtics, and the leve of forest quaity, and is concave in dl of its arguments. Further,
X, Z, and Q are complimentsin preference. That is, increasing the amount of one good
increases the margind utility of the others (Hirshleifer and Riley 1992).

(20) vA:jT—\i/>0fori=X,Zj,andQ

2
v :%<Oforizx, Z,andQ

v =TIV ofori k=X,Z,andQ
K qink ’ Ik '

From (14) and (15) the household's utility in the property damage Sate is less than in the
community damage ate. Even though the forest resource isimpaired in both Sates, thereis
lessincome to alocate to other uses in the property damage State due to repairs. Also, utility
in the community damage date is less than utility in the no wildfire sate. Combining these
relations along with the concavity of utility, Figure 2 illustrates utility surfaces for the three

dates in relation to the numeraire good.
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Figure2: Utility relationshipsin relation to the numerair e good.

Notethat | do not assume state dependent preferences. The leves of utility in the three Sates
(v°, v, and v) will be shorthand for the utility functions evaluated a their respective levels of
income and forest quality: vS° v(Y®,Q"), vCe v(Y®,Q"),and veo v(Y,Q). Theeleves
of utility are derived from a single preference function. The type of fire (no fire, firein the
community, and fire that damages both the community and household property) isa“ date
determining” variable that indicates the leve of utility to be “diced” from the household's
sangle, underlying utility function. This does not preclude the use of the Expected-utility
Rule of vorn-Neumann and Morgenstern since a single cardina scaing can be used
(Hirshleifer and Riley 1992).

The levels of private and collective averting expenditure (A and G) do not explicitly
enter into the utility function. Averting activities consst of two components. Thefirg isthe

actud averting quality itself, such asthe fire-resistance of aroof or the increased protection
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from fire afforded by creating a perimeter of defensible space around a house (by removing
highly combustible materids such as trees and brush). These averting qualities are not utility
producing, as the households do not have preferences for these gpart from their rolein risk
reduction. The second role of an averting expenditure is as a characteristic of the house. The
appearance of aroof and the reduced aesthetic quality from a defensible perimeter are
examples. Such characterigtics enter utility in al three states. So in the purchase of a house,
households have attitudes toward risk that make them care about averting qudity and
preferences that make them care about gppearance and attractiveness. Let one component of
the vector Z, say Za, represent the component of averting activity that is a characteristic of
the house and enters in both the hedonic price function and directly in the utility function.
The averting qudlity itsdlf, A, isacomponent of the hedonic price function and the
household' s subjective risk, but is not directly utility producing.

The household' s problem of maximizing expected utility subject to the budget

congrantsis

(21) xl;/lngJ: E(U)=a%(X,Z,Q)+av(X,Z,Q)+ (1- a®- a®)v(X,Z,Q)

st. Y =X+P,(Z,A,Q,a%a®)
Y¢=X+P,(Z,A,Qa%ac)
YS=X +P, (Z,A,Q,a%,a°).
Equation (21) is an ex-ante expresson the household solves prior to the resolution of

uncertainty when the state of nature presentsitsalf. The hedonic price function is dways
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dependent on the basdine leve of forest quality, Q, because the household makes its housing
decison prior to the possible redization of awildfire event.

With subdtitution, the household' s problem smplifiesto
(22) I\/IGaxQJ:E(U):aSv(YS- P,(Z,A,Qa%a®)Z,Q")
Z,GA,
+av(Y°- P,(2,A,Qa%a“),z2,Q")

+(@-a%-aN(Y- P,(Z,A,Q,a%a%)Z,Q)

Thefirg-order conditions of (22) are

& 0 & 0
(23 1J = aS¢- Vi Lt + V§%+ aCc- Vi L =+

1J dP dP
(24) ﬂ—G:afCagVS- a®vy — +alv®- av§ ng

fageall- @ et at, Thog

dG
1J dP, dR, drP

(25) A aSv®- a®v; dAH - a vy dA'j ~asv- (1- a®- ac)vxd_AH: 0
(26) W ascagvs+asi'- Vi dP, +VSF['] +ang+aS}- vgdi+chu
1Q @ 7 dQ Q% 7 dQ QE\;

i dr, i

~@SaS+aSlN+asi- vy—t+v,y=0.
(aC Q Q)\/ % X dQ Qg

Equations (23) through (26) can be rearranged to show the relationships between the hedonic

prices and the margina rates of subgtitution.
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The common denominator in equations (27) through (30) is the expected margind utility of
the numeraire good X, which is equd to the expected margind utility of income (see
gppendix for derivation). Equation (27) sates that the margina willingness to pay for an
incrementa unit of housing characterigtic Z isequa to the expected margind rate of
subdgtitution between housing characteristics and X. The margind willingnessto pay for
collective wildfire protection, expression (28), isthe money equivaent of the changein
expected damages from the additiona unit of collective protection. In (29) the margind
willingnessto pay for sdf-protection is the money equivaent of the expected change in
margind damages from the incrementa unit of saf- protection.

Equation (30) reveds the complexity of attempting to mode how households relate to
forest resources. The first two terms in the numerator are the change in expected damages
due to achangein forest condition. This represents the impact of a change in forest
condition onrisk. The next three termsin the numerator condtitute the expected margina

utility from an increase in forest condition. Forests present the household with opportunities
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for recreation and the enjoyment of other amenities, which provide utility. However these
same utility- producing qudities also represent a source of increased risk for the household
that could result in fire-induced damage that not only reduces the amenity leve provided by
the forest, but damages household property as well.
INSURANCE

It is gppropriate here to make afew comments on insurance. In the theoretical model
outlined above, | have not included the opportunity to purchase insurance or considered how
insurance could influence the household' s choices of location and sdlf-protection. The
implications of the theoretica modd will not be affected by insurance. If insuranceis
actuaridly fair, then full insurance would make the household indifferent to the state of the
world. But there would till be an incentive to self-protect as long as the price of insurance
decreased with the leve of risk through expenditures on sdlf-protection (Ehrlich and Becker

1972).
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V. DATA, METHODS, AND RESULTS

This chapter begins by discussing the study area that was chosen and the data used to
empiricdly test the hypotheses discussed in the introduction regarding household behavior in
the face of wildfirerisk. Thiswill be followed by a specification of the estimeation
procedures used and the presentation of the estimation results. The andysis of the results
will be concluded in the policy chapter.
STUDY AREA AND DATA

Severd characterigtics are important in the selection of the ideal study areato test my
hypotheses. Fird, it must have aresdentia housing market located near ahigh-risk fire area
(relative to other areas). More specificaly this market should be substantial enough (in terms
of market size and number of transactions) for collecting adequate data. 1t should be noted
that areas of high fire risk do not often occur near large urban areas. As aresult the pool of
potentid locations for this type of sudy is reaivey narrow and confined to rura or semi-
rurd areasin the interior west. Next, the area needs to have experienced alarge wildfire
event to provide an opportunity to examine how risk perceptions respond to fire. Perhaps
most importantly the study area needs to provide good accessto data. The data requirements
for thistype of andysdsinclude housng transaction data and informeation on the prevailing
leve of firerisk in the area,

The study area chosen for this research is Chelan County, Washington. As outlined
below, Chelan fulfills al of the requirements for anided study area. Located in centra
Washington along the Cascade range, Chdlan is part of the Wenatchee Nationa Forest.

Along with the Wenatchee N.F. the county’ s other distinguishing physical characterigtic is
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scenic Lake Chelan in the northern part of the county. The arealis popular with both
retirement and vacation home purchasers and therefore possess aresidential housing market
subgtantial enough for the purposes of thisanadyss.  Figures 3 and 4 show the generd

location of Chelan and the border of the Nationa Forest within the county.

ChelanCo/!ty y Washington

p
S

_

Figure 3. General location of Chelan County in Washington State
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Figure4: Chelan County and the Wenatchee National Forest

Wildfire is not uncommon for Chelan County, so it provides an area of rdaively high

risk. Chelan’seevation (as part of the Cascades) makes it afrequent target of lightning

strikes. According to Rapp (2002), frequent, low-intengity fires dominated the higoric fire

regime of the ponderosa pine forests of eastern Washington and Oregon. Plants on the forest

floor and smdller, lessfire-resistant trees burned but larger trees survived. Thisregime
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resulted in an open forest with low fud levels, where large trees lived for hundreds of years.
However, she notes that the fire regime has changed to one of less-frequent, more letha fires.
Fire suppression and exclusion, harvesting of timber, grazing, and the introduction of
nonnative plant species have induced an increase in the probability of severe, sand-
replacement fires. The result isthat many dry, eest-Side forests have missed between 7 to 10
fire-return intervas. Perhaps Rapp’s (2002) most important comment for this study is that
forest types characterized by heavy ground fuels and high stand densities are the most
common near east-Sde resdentid communities.

It isagaing this backdrop of increased fire risk that the 1994 fires in the Wenatchee
Nationa Forest occurred. The fire season of 1994 was especidly devastating to the
Wenatchee and Chelan County. A sat of four digtinct fires, which began the last week of
July, would burn over 180,000 acres. Suppression costs for the fires were in excess of $69
million, and there were substantia 1osses of personal property, timber, and tourism revenue.
Two of the fires, the Rat Creek and Hatchery would merge into the Hatchery Creek Complex

(Carrall et d. 2000). Table 3 ligts the size of each fire.

Table3: Areaburned by firein Chelan County,
1994 (Carrall, et al. 2000)

Fire Name Acres
Tyee Creek 135,170
Hatchery Creek Complex 43,463
Round Mountain 3,231
Totd 181,864
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Figure 5 shows the location of the three fires, while Figure 6 illugtrates the overlap with the
National Forest. Note that two of the three fires, the Tyee Creek and Hatchery Complex,

burned over the Nationa Forest boundary.

20 0 20 40 Miles

Figure5: Firelocations



20 0 20 40 Miles

Figure6: Fireand National Forest boundaries

Housing Data and Neighborhood Data

Housing sales data for 1992 through 1996 were obtained from the Chelan County
Assessor’ s Office. This set included residentia transactions (land use codes for sngle
family, vacation & cabin, and dl other resdentid parcels) and avariety of structura

varidbles. To be congdered in this andysis, transactions had to include full information on
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land use, sdles price, sdes date, year built, type of structure, size of structure, roofing type,
and size of parcel. Bare-land transactions, non-arm’s length, and other invaid transactions
(asidentified by the assessor’ s office) were disregarded. For many transactions where the
structure had an age of “0” (salesyear minus year of congtruction) it was not clear if the
structure was built on the parcd at the time of sde (the presence of transactions that were
improved after the sdle and not marked as such was confirmed with the assessor’ s office).
Basad on the examination of the bare land values of these transactionsin the assessment file
and the price of structures with an age of one year, observations with a price less than
$60,000 that sold in the year of congtruction were not included. Leaving these transactionsin
the data set did not change the fundamental results, however the R values dropped by about
onethird. Transactions with sales prices under $10,000 were not included. No variable
indicating housing qudity was available to rationalize these low-price transactions. Further,
most were deemed invalid by the assessor’ s office. Like the parcels with an age of “0”, these
were not dways marked asinvaid. Some transactionsinvolved more than one parcd. In
these cases only the total sales price for the transaction is entered for each parcdl, making it
impossible to separate out the congderation given for each individua parcel. If atransaction
involved more than one parcel with aresidence, it was discarded. In the instances where one
parcel had aresidence and the other parcel(s) were land only, the number of acres from the
bare-land parcels were added to the acres of the resdentid parcel. Transactionsinvolving lot
szesover 20 acreswere also disregarded. This was done to ensure that al transactions were
undertaken by buyers for persond, resdentia use- not for subdividing into smaller parcels or

for farming/logging activities, which might represent a different set of preferences. It aso
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reduces the error associated with the neighborhood measures described below, which rely on
parce centroids. Findly, severa observationsin the extreme west of the county around
Stevens Pass and a the northwest tip of Lake Chelan were deemed not part of the same
market as the rest of the transactions and not included. A description of each structurd and
tempora variable congtructed from the 1992—-1996 sales listing is given below.

Structural

Variable: sdesprice
Units. dollars
Symbol: P; In_P isthe naturd log of salesprice

Variable: lotgze
Units. acres
Symbol: acres; In_acresisthe naturd log of lot 9ze

Variable: living space
Units: square feet
Symbol: sqg ft; In_sq ft isthe naturd log of living Space

Variable: age of main dsructure

Units: years

Symbol: age; In_age isthe naturd log of age

Note: Where congtruction date was missing in sales records, a best guess of age was
made based on the effective age used for assessing structures with unknown build
dates, from the most recent county assessment file. For a handful age could be not be
found. In order to compute the natural log of age, records with an age of 0 were
assigned avaueof .5.

Variable: other structure

Units: 1=yes 0=no

Symbol: oth_struct

Note: Thisvariableindicatesif there is another structure on the property, such asa
second house or mobile home, other than the main residence (this does not include a
detached garage which is accounted for separately).

Variable: attached garage

Units: 1=yes 0=no
Symbol: att_gar
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Variable: detached garage
Units: 1=yes 0=no
Symbol: det_gar

Variable: deck or porch
Units: 1=yes 0=no
Symbol: deck porch

Variable: patio or carport
Units: 1=yes 0=no
Symbol: patio_carport

Variable: unfinished basement
Units: 1=yes, 0=no
Symbol: unfin_bsmnt

Variable: finished basement
Units:. 1=yes, 0=no
Symbol: fin_bsmnt

Variable: class A fire-resistant roof
Units: 1=yes 0=no
Symbol: roof

Variable: fireplace
Units: 1=yes 0=no
Symbol: fireplace

Variable: hot tub
Units: 1=yes 0=no
Symbol: hot_tub

Variable: waterfront
Units: 1=yes, 0=no
Symbol: waterfront

Variable: primary mobile

Units:. 1=yes, 0=no

Symbol: prim_mobile

Note: Thisvarigbleindicates if amobile homeisthe primary structure on the
property.
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Temporal
Variable: Sdesdae dummiesindicating the haf-year that the sale occurred.
Units. 1=yes, 0=no
Symbol: sd921, sd922, sd931, sd932, sd941, sd942, sd951, sd952, sd961, sd962
Note: There are ten total sales date dummies (five years of datawith two haf-year
segments for each year). These will proxy for the generd changein the price level
within the market. The estimation section will describe how these will be interacted
with asubset of the structural and environmenta variables,
An expanded note is necessary for the roofing varigble. The data from the assessor’ s office
included avariable for 8 different materia typesthat could be used in each structure s roof.
Roofing class is measure of fire-resstance, with class A being the highest level. The
classfication of class A or non-class A roof based on the materia categories provided by the
assessor’ s office was confirmed with the Chelan County Fire Marshal. These are

summearized in Table 4.

Table 4. Classfication of roofing type based on material

ClassA
Material #of obs. (Y/N)
wood shingle 137 N
wood shake 705 N
clay tile/date 64 Y
composition shingle/built-up/rock 2802 Y
compostion roll 82 Y
concretetile 38 Y
other (including masonite) 236 Y
meta 656 Y
Total — 4720

Descriptive gatistics of the structural variables are provided in Teble 5. Table 6 shows the
digtribution of observations across the ten time periods proxied by the sdles date dummies.

Each hdf-year dummy accounts for roughly eight to eleven percent of the observations.
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Table5: Descriptive statistics of structural variables (n = 4,720)

Mean Std Dev Min M ax
price 114,315.30 64,606.54 10,000.00 975,206.00
lot 5ze 0.694 1.83 0.03 20.00
living area 1,342.08 531.97 96.00 5,586.00
age 33.23 27.49 0 94.00
other structure 0.021 0.143 0 1
attached garage 0.321 0.467 0 1
detached garage 0.217 0.412 0 1
deck/porch 0.464 0.499 0 1
patio/carport 0.319 0.466 0 1
unfinished basement 0.331 0.470 0 1
finished basement 0.230 0.421 0 1
roof type 0.822 0.383 0 1
hot tub 0.020 0.140 0 1
fireplace 0.398 0.490 0 1
waterfront 0.024 0.152 0 1
primary mobile 0.075 0.263 0 1

Table6: Digribution of observations by salesdate
dummy variable (n = 4,720)

Sale Date % of obs. # of obs.

firgt haf 1992 0.084 398
second haf 1992 0.105 495
first haf 1993 0.088 415
second half 1993 0.109 516
first hdf 1994 0.116 547
second haf 1994 0.103 484
firgt haf 1995 0.089 421
second haf 1995 0.109 515
first haf 1996 0.099 465
second haf 1996 0.098 464
Total 1.000 4,720

The Chelan County Assessor’s office provided a parcel map for the county. This map
was used to spatialy reference the sales transactions with Arcview GIS. An atempt was
made to geocode the parcdl addresses with avariety of methods, including commercid

vendors. The rurd nature of the county made it impossible to find matchesfor dl of the
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observations. Many could be matched at no better than the center of the zip code zone. The
centroid of each parcel from the parcel map was therefore used as the location for dl further
GISwork. Thismay be lessthan ided, especidly for larger parcels (the larger the parcd, the
larger the potentia error). However thereisasubstantia potentia for error in geocoding
protocols as well, snce they rely on linear interpolation of line files such asthe TIGER road
file for address matching. For parcels that were represented by more than one polygon in the
parcel map (and as aresult had more than one centroid), the average variable of interest
(defined below for vegetation, census variables, and distance to fire and forest boundaries)
over dl centroids for a parcel was used asthe overal parcel measure.

A small number of parcels could not be located on the parcel map. Severa of these
had very high scores from the geocoding routine in Arcview (at least an 80 matching score)
and could be located with this method. The matching score reflects how well an address fits
with a candidate location in the TIGER direet file. The default vaue for Arcview to consder
amatich is 60, but the documentation considers a good match score to be between 75 and
100. Fgure 7 illustrates the distribution of observations throughout the county in relation to
the fire boundaries. Figures 8-10 show the digtribution of observations around the three fires
a afiner spatid scade. One-hdf mile contour lines within afour-mile buffer around the fires

are included for perspective.
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Figure7: Distribution of observations (n = 4,720)
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Figure8: Distribution of observationsaround the Tyee Creek fire. Notethat one-half mile contours

from thefireboundary areincluded.
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Figure9: Distribution of observationsaround the Hatchery fire. Notethat one-half mile contoursfrom
thefire boundary areincluded.
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Figure 10: Distribution of observationsaround the Round Mountain fire. Notethat one-half mile
contoursfrom thefire boundary areincluded.



To account for differences in neighborhood or community characteristics, censustract level
data for median household income and white population percentage was obtained from the
U.S. Census Bureau. Additiondly, the kilometers of road in a .40-kilometer (.25 mile) radius
around the parcel centroid (from the 2000 TIGER road file for Chelan County) were
computed to account for the differing levels of urban development in the data

Neighborhood

Variable: median household income in the census tract

Units: dadllars

Symbol: med_inc; In_med_inc isthelog of median household income
Source: 1990 Census, U.S. Census Bureau and the State of Washington

Variable: percent of population that iswhite in census tract

Units: percent

Symbol: perc_white

Source: 1990 Census, U.S. Census Bureau and the State of Washington

Variable: kilometers of road within a .40-kilometer radius

Units: kilometers

Symbol: road

Source: 2000 Census, U.S. Census Bureau and the State of Washington

Table7: Summary statistics of neighborhood variables (n = 4,720)

M ean Std Dev Min M ax
median household income  25,332.18 5,556.84 16,837.00 35,504.00
percent white 92.83 421 85.24 97.47
kilometers road 4.87 2.08 0 8.93

Amenity and Risk Variables
As discussd in the chapter outlining the theoretical modd, it is very difficult to
Separate out the impacts of forest amenity and fire risk on housing price. By explicitly

contralling for each in the estimating equation | hope to untangle their respective effects.

55



The measures for amenity in this sudy will be the distance in kilometers from the parcel
centroid to the closest fire boundary and distance in kilometers from the parcel centroid to
the nationd forest boundary. Both measures are necessary to account for the amenity aspect
of theforest. The distance to the national forest connotes qualities such as accessto
recreation and viewshed. Including the distance to the burned area controls explicitly for the
changein forest qudity dueto thefires. Thisis necessary because even though the fires were
vey largein areg, they did not burn the entire forest. The vaue of living near an unburned
portion of the forest may not change even when the vaue of living closer to the burned area
declines. Observationsingde the forest or fire boundaries are assgned zero distances. By
including other measures of neighborhood risk such as vegetation type and dope, | hope to
dlow the distances to the nationd forest and fire boundariesto “speak” only for the amenity
quality of the foredt.

Two documents used by fire professons asssted in determining the variables used to
control for the leve of risk presented by the condition of the forest. NFPA 1144, Standard
for Protection of Life and Property from Wildfire by the Nationa Fire Protection
Association, Inc. (NFPA 2002) and the Urban-Wildland Interface Code 2000 by the
International Fire Code Ingtitute (IFCI 2000) both provide rating systems for assigning risk
levels to properties in the urban-wildland interface. The documents contain overlgpping
information and their rating systems are quite smilar. Both rely on measures of access (for
fire vehides), surrounding vegetation, defensible space, roofing type, dope, water source
availability, and placement of gas and dectric utilities. No data are available for severd of

these, including the amount of defengble space, water source availability, and placement of
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utilities. However, asindicated in the description of the structura variables, the roofing type
can be inferred from the data received from the assessor’ s office (the NFPA document notes
that class A roofs are tested againgt severe fire exposures). Theroof variable (1 =classA, O
= otherwise) will be used to proxy for the household' s averting behavior. For measures of
surrounding vegetation, both documents include discussion of the National Fire Danger

Rating System (NFDRS) developed by the U.S. Forest Service (Deeming et d.). Thissystem
describes the condition of ground fuels, dividing fuelsinto 20 different models that can be
categorized into larger fuel types. This system isvery broad, asit isintended to describe
fuesfor the entire United States, from Floridato Alaska. Asaresult, not al fue models will

be appropriate for alocation. A representation of the NFDRS is shown in Table 8.
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Table8: National Fire Danger Rating System fuel models
NFDRS Fuel Modé€l

Wegtern Annuas

Western Perennial

Tundra

Open Pine with Grass

Sagebrush with Grass

Sawgrass

Grass

Z400nr >

Shrub Mature Brush

High Pocosin
Intermediate Brush
Alaskan Black Spruce

Southern Rough

OO TTOw

Timber Short-Needle Closed (normal dead)
Hardwood Litter (summer)
Western Long-Needle Pine
Southern Long-Needle Pine
Hardwood Litter (fall)

Short-Needle Closed (heavy dead)

OmUuUuCxxIT

Slash Light Sash
Medium Sash

Heavy Sash

I o X

The National Land Cover Data (NLCD) provides the link between the household's
immediate neighborhood and the fuel model for Washington. This dataset isaproduct of a
joint effort by the U.S. Geologicd Survey (USGS) and the U.S. Environmenta Protection
Agency (EPA). The source datais the Multi- Resolution Land Characterization (MRLC)
project. Landsat thematic mapping (TM) data from 1986 to 1996 for both leaves on and
leaves off (most remote images for Washington State were from the mid 1980s to the early
1990s), terrain eevation data, population and housing dendity, and land use and land cover

data were used to develop a characterization of land cover into 21 classes at aresolution of
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30 meters. A disadvantage of this datais the high generdity of the classes, however the fine
gpatia resolution of the dataiis an advantage in characterizing risk in the areaimmediately

surrounding ahouse. Table 9 lists the classes of the NLCD.

Table9: National Land Cover Data classes

NLCD Classification
Water 11 Open Water
12  Peennid lce/Snow

Developed 21  Low-Intendty Resdentia
22  HighIntensty Resdentid
23  Commercid/Industria/Transportation

Barren 31 Bare Rock/Sand/Clay
32  Quariesd/Strip Mines/Grave PFits
33  Trangtiond

Forested Upland 41  Deciduous Forest

42  Evergreen Foret
43  Mixed Forest

Shrubland 51  Shrubland
Non-Natural Woody 61  Orchards/VineyardsOther
Her baceous Upland 71  GrasdandsHerbaceous
Her baceous Planted/Cultivated 81 Pasture/Hay

82 Row Crops

83 Smdl Grans

84 Fdlow

85  Urban/Recreationa Grasses

Wetlands 91 Woody Wetlands
92  Emergent Herbaceous Wetlands

Each thirty-meter pixd in the NLCD grid is assigned a cover type based on its dominant

cover, which is described in the NLCD metadata. Upland grasses dominate pixels with cover
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code 71, grasdands’herbaceous. The herbaceous cover may be under 25 percent but is
greater than the combined cover of woody species. Cover code 51 (shrubland) is dominated
by shrubland, where shrub canopy can be from 25-100 percent of total. Evergreen cover
(code 42) is dominated by trees, where three quarters or greater of these trees keep leaves dll
year. Thesethree cover codes (71, 51, & 42) correspond roughly to the larger fuel model
typesin the NFDRS and are the dominant cover types in Chelan County (see Table 12
below). Shrub fud models are not necessarily more dangerous (higher risk) than grass, and
timber fuel modds are not dways more dangerous than grass or shrub. However a
neighborhood measure of the amount of the three NLCD covers alows me to say how much
areain that neighborhood isin each of the three broad fuel NLCD fud classes (and how
much in totd isfud).

A neighborhood measure has severd advantages. Fird, it conformsto the NFPA
document for describing fuds (light, medium, heavy, or dash) within 300 feet (91 meters) of
the structure. Next, the household likely looks at awider areathan just its own parce and
immediate surroundings in ng risk. Thisreates to the concept of fire as a gpatia
process. A household on alow risk parcel surrounded by high-risk parcels probably does not
necessarily have an overdl low risk level (and vice-versa). A neighborhood-level measure
gives a broader indication of risk and proxiesfor a patid lag process. Also, snce the parce
locations are centroids from the parcel map, a 30-meter grid cell may not be adequate to
describe the fud class (especidly for larger parcels). Using a neighborhood will assigt in
correcting for the error in house location.  The neighborhood measures represent the share of

pixdsin three neighborhood sizes (90 meters, 190 meters, & 510 meters) that are in the three
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fud classes. The 190-meter size corresponds roughly to that given in the NFPA document
(within about 90 meters of the housein al directions). Alternate Sizes, 90 meters and 510
meters, were aso used to see how household risk preferences responded to smaler and larger
neighborhoods. The 30-meter pixels were resampled to 10 metersto give an equal number of
pixels on either sde of the center pixel for the 190-meter and 510-meter neighborhoods. An
example of neighborhood congruction is shown in Figure 11, where the numbersin each

pixd (cel) correspond to the NLCD classficationsin Table 9.

51 71 42
61 42 42
61 51 71

Figure1l: Exampleof aland cover neighborhood

If the resolution of Figure 11 is 30 meters, then this represents a 90-meter neighborhood.
Three of the pixels are evergreen, two are shrubland, two are grass, and two are
orchardsivineyards/other. So aparcel centroid located in the middle pixel has a 90 meter
neighborhood (in terms of the three NLCD classes | am concerned with) consisting of a.33
share of evergreen (3/9), a.22 share of shrub (2/9), and a .22 share of grass (2/9).

Sopeisathird available variable included in the NFPA and IFCI documents to proxy
for the levd of risk to the household. Increasing dope corresponds to increased risk because

fire burns faster uphill. This seems counterintuitive, but isaresult of heet risng. Mosaiced
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7.5-minute digita eevation modds (DEMs) with 10-meter resolution from the USGS were
used to produce a countywide dope grid. Neighborhood measures of dope were developed
at the 90-meter, 190-meter, and 510-meter scales. Slope by itsalf may represent other
qudlities of the parcel asde from firerisk, such asviewshed. Sope was interacted with the
total vegetation (share grass + share shrub + share evergreen) in the gppropriate
neighborhood to obtain a better measure of risk, veg_slope. Summary satistics for the
amenity and neighborhood risk measures are given in Table 10. Table 11 presents the share
of the county and the 1994 firesin the three cover/fue classes. Evergreen isthe dominant
fud type in the county and not surprisingly, the dominant fud in the 1994 fires.
Amenity

Variable: digtance to the national forest boundary

Units: kilometers

Source: parcd centroid map, nationd forest coverage

Symbol: nat_for_dist

Note: Parcelsingde the nationa forest boundary are assgned a distance of zero.

Variable: distance to the fire boundary

Units: kilometers

Source: parcd centroid map, fire coverage

Symbol: fire dist

Note: Parcdsingde the fire boundary are assgned a distance of zero.
Neighborhood Risk

Variable: share of 90-, 190-, and 510-meter neighborhoodsin grass cover

Source: National Land Cover Data (NLCD)

Symbol: grass

Variable: share of 90-, 190-, and 510-meter neighborhoodsin shrub cover

Source: National Land Cover Data (NLCD)
Symbol: shrub
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Variable: share of 90-, 190-, and 510-meter neighborhoods in evergreen cover
Source: Nationa Land Cover Data (NLCD)
Symbol: egreen

Variable: average dopein 90-, 190-, and 510-meter neighborhoods
Source: USGSdigitd eevation modds
Symbol: slope

Variable: tota vegetation in 90-, 190-, and 510-meter neighborhoods
Source: USGSdigitd devation models

Symbol: veg
Note: thisisthesum of egreen, shrub, and grass

Variable: product of total vegetation and average dopein 90-, 190-, and 510-meter
neighborhoods

Source: USGSdigitd eevation modds

Symbol: veg_slope

Note: veg_slope = veg * dope
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Table10: Summary statistics of amenity and neighborhood risk variables (n = 4,720)

Mean Std Dev Min M ax

distance to national forest boundary 3.64 2.33 C 11.15
distance to fire boundary 13.78 8.35 C 38.16
90-meter neighborhood

sharein grass 0.06¢ 0.18C C 1

sharein shrub 0.105 0.199 C 1

share in evergreen 0.082 0.229 C 1

dope 4,52 5.27 C 42.12
190-meter neighborhood

sharein grass 0.06¢ 0.153 C 1

sharein shrub 0.101 0.167 C 1

sharein evergreen 0.08t 0.214 C 1

dope 4.62 4.97 C 37.29
510-meter neighborhood

sharein grass 0.067 0.126 C 0.929

sharein shrub 0.097 0.142 C 0.983

sharein evergreen 0.08¢ 0.202 C 0.999

dope 5.18 5.04 0.372 32.50

Table11: Cover types(in percentage of total area) of Chelan County and the 1994 fires

Evergreen  Shrub Grass
Chelan County 56.6€ 16.52 12.00
1994 Fires 62.73 10.65 21.78

Table 12 provides a summary of the data types and sources used for thisanadysis. For

gpatid data, information on the origina coordinate system, datum, and units are given. Some

spatia data were reprojected to acommon coordinate system. Asarule, grid data were not

reprojected from their origina coordinate systems (the exceptions were severd DEM grids

from UTM zone 11 reprojected to the coordinate system for the mgjority of the county, UTM

zone 10, in order to produce a single eevation model for the county to compute ope).

64



Table 12: Summary of data typesand sources
Sales Transactions & Sructural Housing Data for Chelan County,
\Washington, 1992-1996

Chelan County Assessor’s Office, Wenatchee, Washington

Chelan Parcel Map
Chelan County Assessor’s Office, Wenatchee, Washington
Washington State Plane North, NADS3, feet

Coverage of the 1994 Wenatchee Fires
U.S. Forest Service, Region 6
UTM Zone 10, NAD27, meters

Median Household Income and Percentage White at the Tract Level from
1990 Census, TIGER Road File from 2000 Census

U.S. Census Bureau and the State of Washington

GCS North American 1983, NAD83, decimal degrees

Digital Elevation Models (DEMS)
U.S. Geologica Survey
UTM Zones 10 and 11, NAD27, meters

National Land Cover Data (NLCD)
U.S. Environmenta Protection Agency
Albers, NAD83, meters

Various Coverages of Chelan County, including Lakes, Hydrology,
National Forest Boundary, Roads, and Cities

Washington Department of Transportation

GCS North American 1983, NAD83, decimal degrees

ESTIMATION
The Difference-In-Difference Estimator
Consder two different locations, one exposed to a naturd disaster such as awildfire

and one not exposed. Let P bethe price of ahouse at time period (t=1 during or after the
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disagter, t=0 before) in location d (d=1 for the affected location, d=0 for the unaffected) and
X be avector of housing characteristics. A before the fire vs. after the fire comparison

(3)  E[PYX]- E[P*X]
of pricesin the affected areawould include not only the impact of the fires on housing prices,
but also any other changesin the affected location over that time period (McFadden 2002).
Smilarly, looking only at the difference in prices between the two locations after the fire

(32)  EP"X]-E[PYX]
would confuse the fire effect and constant differences in the exposed and unexposed aress.
Thisisthe primary fault of the PricewaterhouseCoopers (2001) study of how housing
markets responded to the 2000 Los Alamosfires. The conditiond difference-in-difference
estimator

(33)  {EP*X] - E[PPIX]} - {E[P*|X] - E[PIX]}
isasolution that accounts for the differences in the locations as well as changes due to time
that are not attributable to the disaster. Thefirst term in bracketsis the differencein prices
between the locations after the fire while the second bracketed term is the difference in prices
between the locations before thefire. By subtracting out the difference in price that prevailed
before the fire only the effect of the fire remains. This gpproach will be used to extract the
difference in housing prices atributable to the change in forest amenity due to the fires.
Estimating Equation

With asemi-logarithmic functiond form, the genera OL S difference-in-difference

hedonic estimating equation takes the following form:
(34)  InPY=3 bz +ut+fd+d(txd).
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where the z are housing characterigtics, d is ameasure of forest quality, and t is an indicator
of whether the house was sold after afire (= 1 if after, = O otherwise). In generd b; > O for
al i (with the exception of age and the primary mobile dummy). Assuming that d measures
only the amenity aspect of the forest, we would expect f > 0 so that a house's price increases
with forest qudity. The outcome of interest is the coefficient on the product of the time and
location dummies, d, which isthe equivadent of the conditiond difference-in-difference
edimator in equation (33)

(35)  {EP"IX]- E[PIX]} - {E[P"X] - E[P™IX]}

= {In P - In Pm}- {In P% - In POO}

ica bz +u+f +d—- gabz +uOu
e g ei %

_>_ —;

If d < 0 then we may be able to say that the fire had a negative impact on the market price of
ahouse due to an impaired amenity leve.

The variables applied to the difference-in-difference technique are nat_for_dist and
fire_dist, the distances from the parcel centroids to the national forest and fire boundaries
which proxy for the level of forest amenity. To account for the possibility that the effect of
the three firesis trandgent and would not be picked up usng asmple before and after
measure, nat_for_dist and fire_dist are interacted with the five sales date dummies that
represent saes transactions during and after the fire' s occurrence (and named
nat_for_dist942, fire_dist942, etc.). Based on the literature review, | expect that nat_for_dist

and fire_dist will both be negative. That is, increasing distance from the nationa forest and
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the burned area decreases the price of ahouse. If the fire impaired the amenity leved, the
interaction variables for sales dates during and following the fireswill be positive. These

will adjugt the overdl levels of nat_for_dist and fire_dist to reflect the household's new

vauation.

The roofing materid dummy (roof) isinteracted with the sdles date dummiesin the
primary estimations (Tables 18-21) and named roof921, roof922, etc. The neighborhood risk
measures (egreen, shrub, grass, slope, and the vegetation-dope interaction term veg_slope)
are dso interacted with al of the sales date dummies (and named egreen921, shrub922, etc.)
in the auxiliary estimations included in the gppendix. These variables are representtive of
the household' s s f- protection measures and neighborhood risk from wildfire, so the
amenity difference-in-difference logic is not gpplied to them. The roofing materid varigble
isthe proxy for averting behavior (A in the theoretical modd), while the neighborhood
measures are proxies for the risk associated with the surrounding landscape. | assume that
the larger the coefficient on the roof interaction variable, the more the household values sdlf-
protection. The larger the coefficients for the neighborhood risk measures, the higher the
household’ swillingnessto pay to livein areas of high interface firerisk. The changesin the
coefficients of the roofing materia variables and neighborhood risk measures over time are
important in assessing the evolution of risk perception (the changesin a© and a ). Thiswill
be discussed further in the next chapter.

A concern regarding the amenity and risk variablesis multicollinearity. Table 13
shows the correlation between the distance, vegetation, and dope measures. The correlations

between nat_for_dist, fire_dist, and egreen are moderately high for al three neighborhoods.
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Table13: Correlation summary for amenity and neighborhood risk variables

90m neighborhood
nat_for_dist
fire dist
egreen
shrub
grass
dope

190m neighborhood
nat_for_dist
fire dist
egreen
shrub
grass
dope

510m neighborhood
nat_for_dist
fire dist
egreen
shrub
grass
dope

0.4282 -0.4717
1.0000 -0.3611
1.0000

0.4282 -0.5032
1.0000 -0.3804
1.0000

0.4282 -0.5436
1.0000 -0.4080
1.0000

nat_for dist fire dist egreen shrub

0.1179
-0.0724
-0.0675

1.0000

0.1208
-0.0782
-0.0492

1.0000

0.1471
-0.0563
-0.0391

1.0000

grass

-0.0996
-0.2205
-0.0420
0.1368
1.0000

-0.0858
-0.2556
-0.0181
0.2805
1.0000

-0.0749
-0.2872
0.0427
0.4446
1.0000

slope

-0.1557
-0.2216
0.2224
0.3366
0.3967
1.0000

-0.1767
-0.2529
0.2684
0.4205
0.4941
1.0000

-0.2398
-0.3194
0.3581
0.5072
0.6405
1.0000

Maddala (1992) notes that high correlations do not necessarily imply a multicollineerity

problem. Other tests were used to be certain it posed no problem here. Prior to running the

full regressons with interaction variables, abasc modd was estimated to get a preliminary

look at the resuits and to compute variance inflation factors (VIFs), amulticollinesrity

diagnogtic. The VIF for regressor i is 1/(1- RZ) where R? isthe squared multiple

correlation coefficient between regressor i and dl other regressors (Maddala 1992). A VIFin

excess of 10 can be an indicator of “damaging” collinearity (Kennedy 1998). Table 14

restates the variable names to assist in interpreting the estimation results. Tables 15-17 show

the results of the smple estimations aong with the VIFS. No VIF isin excess of 3.4 and
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most arein the range of 1to 2. Belsey, Kuh, and Welsch (1980) suggest an additiona
indicator of possble collinearity. If K isamatrix of regressors, the condition numbers are
the square roots of the ratio of the largest eigenvaue of K & to each individud eigenvdue.
Examination of the condition numbers and variance proportions for the smple modds of
Tables 15-17 reveded possble collinearity between the median household income and the
intercept and the percent white and the intercept. Running the models without median
household income and percent white did not change the results of the full models beyond
very amdl changesin sgnificance levels. Based on the results of the VIFs and condition

number tests, multicollinearity does not gppear to be an issue.
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Table14: Summary of variablesused in the estimations.

Category Name Symboal Mean
Structural Variables
natural log of price In_P 11,505
natural log of lot size In_acres -1.19%4
natural log of living area In_sq ft 7.124
natural log of age In_age 2.797
other structure oth_struct 0.021
attached garage att_gar 0.321]
detached garage det_gar 0.217
deck/porch deck_porch 0.464
patio/carport patio_carport 0.319
unfinished basement unfin_bsmnt 0.331]
finished basement fin_bsmnt 0.230
roof type roof 0.822
hot tub hot_tub 0.020
fireplace fireplace 0.398
waterfront waterfront 0.024
primary mobile prim_mobile 0.075
Temporal Variables
saledatein first half 1992 sd921 0.034
sale date in second half 1992 sd922 0.109
saledatein first half 1993 sd931 0.088
sale date in second half 1993 sd932 0.109
saledatein first half 1994 sd941 0.116
sale date in second half 1994 sd942 0.103
saledate infirst half 1995 sd951 0.089
sale date in second half 1995 sd952 0.109
saledatein first half 1996 sd961 0.099
sale date in second half 1996 sd962 0.098
Neighborhood Variables
natural log of median household income In_med_inc 10.116
percent white perc_white 92.830
kilometers road road 4.870
Amenity Proxies
distance to national forest boundary (km) nat_for_dist 3.640
distanceto fire boundary (km) fire_dist 13.780
\Vegetation and Slope: 90-meter neighbor hood
sharein grass grass 0.069
sharein shrub shrub 0.105
sharein evergreen egreen 0.082
sharein total vegetation veg 0.256
slope slope 4520
total vegetation-slope interaction veg_slope 2.155
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Table 14 (cont’d): Summary of variables used in the estimations.

Category Name Symboal Mean

\egetation and Slope: 190-meter neighborhood
sharein grass grass 0.069
sharein shrub shrub 0.10%
sharein evergreen egreen 0.085
sharein total vegetation veg 0.24
slope slope 4.620
total vegetation-slope interaction veg_slope 2183

Vegetation and Slope: 510m neighborhood
sharein grass grass 0.067
sharein shrub shrub 0.097
sharein evergreen egreen 0.089
sharein total vegetation veg 0.253
slope slope 5.180
total vegetation-slopeinteraction veg slope 2445
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Table 15: OL Sregression resultsof simple model with VIFsusing
90m neighborhood. Dependent variableisthenatural log of price, In_P.

Variable Edimate  Std Err t p>t VIF
Intercept 6.7327 0.3148 21.3879 0.0000 0.0000*
In_acres 0.0686 0.0075 9.1537 0.0000 2.1881*
In_sqg ft 0.4906 0.0159 30.9053 0.0000 1.5932*
In_age -0.0602 0.0043 -13.9606 0.0000 1.7843*
oth_struct 0.16%4 0.0357 4.739%6 0.0000 1.0294*
det_gar 0.0887 0.0132 6.7284 0.0000 11714*
att_gar 01321 0.0137 9.6189 0.0000 1.6293*
deck_porch 0.1015 0.0112 9.0852 0.0000 1.2317*
patio_carport 0.0532 0.0112 4.7689 0.0000 10712*
unfin_bsmnt 0.0667 0.0122 5.4538 0.0000 1.3124*
fin_bsmnt 0.1866 0.0130 14.3555 0.0000 1.1850*
fireplace 0.1007 0.0120 83710 0.0000 1.3745*
hot_tub 0.0529 0.0364 1.4548 0.1458 1.0347
water front 0.7824 0.0356 219761 0.0000 1.1537*
prim_mobile -0.5107 0.0214 -23.8744 0.0000 1.2551*
road 0.0104 0.0043 24235 0.0154 3.1667*
perc_white 0.0022 0.0019 11570 0.2473 25355
In_med_inc 0.0954 0.0363 26255 0.0087 2.4539*
sd922 0.0825 0.0233 35397 0.0004 2.0205*
sd931 01114 0.0243 45871 0.0000 1.8742*
sd932 0.2261 0.0231 9.7902 0.0000 2.0591*
sd941 0.2456 0.0228 10.7603 0.0000 2.1166*
sd942 0.2910 0.0234 124258 0.0000 2.0010*
sd951 0.2932 0.0242 121050 0.0000 1.8897*
sd952 0.3514 0.0231 15.1883 0.0000 2.0625*
sd961 0.3833 0.0237 16.1743 0.0000 19767*
sd962 0.3862 0.0237 16.3290 0.0000 1.9657*
roof -0.0991 0.0143 -6.9216 0.0000 1.1917*
fire_dist -0.0046 0.0008 -6.0245 0.0000 1.5850*
nat_for_dist -0.0043 0.0030 -1.4404 0.1498 1.8981
egreen -0.0210 0.0292 -0.7197 04717 17725
shrub 0.0256 0.0302 0.8464 0.3974 1.4260
grass 0.0576 0.0329 1.7482 0.0805 1.3871**
slope 0.0013 0.0012 1.0461 0.2956 1.6929

note: * denotes significance at 5%, ** denotes significance at 10%
n=4,720
R = 6102
adjusted R? = .6074
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Table16: OLSregression resultsof simple model with VIFsusing
190m neighborhood. Dependent variableisthenatural log of price, In_P.

Variable Egimate SdErr t p>t VIF
Intercept 6.7610 0.3169 21.3366 0.0000 0.0000*
In_acres 0.0689 0.0075 9.1608 0.0000 2.2075*
In_sq ft 0.4839 0.0159 30.6746 0.0000 1.6056*
In_age -0.0603 0.0043 -13.9548 0.0000 1.7899*
oth_struct 0.1675 0.0357 4.6859 0.0000 1.0294*
det_gar 0.0887 0.0132 6.7194 0.0000 1.1730*
att_gar 0.1319 0.0137 9.5926 0.0000 16314*
deck_porch 0.1023 0.0112 91332 0.0000 1.2352*
patio_carport 0.0527 0.0112 47178 0.0000 10721*
unfin_bsmnt 0.0665 0.0122 5.4352 0.0000 1.3135*
fin_bsmnt 0.1857 0.0130 14.2699 0.0000 1.1874*
fireplace 0.1001 0.0120 83212 0.0000 1.3747*
hot_tub 0.0537 0.0364 1.4752 0.1402 1.0355
waterfront 0.7802 0.0356 21.8849 0.0000 1.1563*
prim_mobile -0.5080 0.0214 -23.7452 0.0000 1.2545*
road 0.004 0.0044 2.1650 0.0304 3.2649*
perc_white 0.0022 0.0019 11414 0.2538 25614
In_med_inc 0.0950 0.0366 25992 0.00%4 2.4850*
sd922 0.0826 0.0233 35428 0.0004 20235*
sd931 0.1105 0.0243 45478 0.0000 1.8743*
sd932 0.2260 0.0231 9.7844 0.0000 2.0591*
sd941 0.2455 0.0228 10.7510 0.0000 2.1168*
sd942 0.2909 0.0234 124185 0.0000 2.0009*
sd951 0.2923 0.0242 12.0676 0.0000 1.8890*
sd952 0.3510 0.0231 15.1673 0.0000 2.0624*
sd961 0.3830 0.0237 16.1607 0.0000 19767*
sd962 0.3864 0.0237 16.3329 0.0000 1.9660*
roof -0.0998 0.0143 -6.9680 0.0000 1.1913*
fire dist -0.0047 0.0008 -6.1142 0.0000 1.6073*
nat_for_dist -0.0046 0.0030 -1.5323 0.1255 19416
egreen -0.0423 0.0326 -1.2954 0.1953 1.9308
shrub 0.0102 0.0381 0.2669 0.7895 1.6027
grass 0.0257 0.0411 0.6257 0.5316 1.5626
slope 0.0020 0.0014 1.3956 0.1629 2.0004

note: * denotes significance at 5%, ** denotes significance at 10%
n=4,720
R = .6100
adjusted R? = 6073
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Table17: OLSregression resultsof ssimple model with VIFsusing
510m neighborhood. Dependent variableisthe natural log of price, In_P.

Variable Edimate  Std Err t p>t VIF
Intercept 6.7732 0.3211 21.0965 0.0000 0.0000*
In_acres 0.0736 0.0076 9.7208 0.0000 2.2303*
In_sq ft 0.4900 0.0160 30.5992 0.0000 1.6198*
In_age -0.0614 0.0043 -14.2368 0.0000 1.7851*
oth_struct 0.1637 0.0358 45790 0.0000 1.0293*
det_gar 0.0854 0.0132 6.4650 0.0000 1.1733*
att_gar 0.12% 0.0137 94195 0.0000 1.6280*
deck_porch 0.1045 0.0112 9.3428 0.0000 12322*
patio_carport 0.0518 0.0112 4.6393 0.0000 10712*
unfin_bsmnt 0.0673 0.0122 5.4986 0.0000 1.3136*
fin_bsmnt 0.1882 0.0130 14.4839 0.0000 1.1830*
fireplace 0.0999 0.0120 8.3099 0.0000 1.3719*
hot_tub 0.0552 0.0364 15169 0.12%4 10351
waterfront 0.7705 0.0358 21.5032 0.0000 11675*
prim_mobile -0.5059 0.0214 -23.6774 0.0000 1.2511*
road 0.0061 0.0044 1.3799 0.1677 3.3806
perc_white 0.0008 0.0019 04251 0.6708 25717
In_med_inc 0.1106 0.0370 29871 0.0028 2.5478*
sd922 0.0826 0.0233 35409 0.0004 2.0220*
sd931 01113 0.0243 45844 0.0000 18731*
sd932 0.2261 0.0231 9.7852 0.0000 2.0591*
sd941 0.2456 0.0228 10.7520 0.0000 2.1168*
sd942 0.2908 0.0234 12.4109 0.0000 2.0005*
sd951 0.2918 0.0242 12.0428 0.0000 1.8890*
sd952 0.3509 0.0231 151591 0.0000 2.0625*
sd961 0.3842 0.0237 16.2044 0.0000 1.9766*
sd962 0.3869 0.0237 16.3504 0.0000 1.9657*
roof -0.1019 0.0143 -7.1150 0.0000 1.1911*
fire dist -0.0048 0.0008 -6.2485 0.0000 1.6309*
nat_for_dist -0.0055 0.0031 -1.7803 0.0751 2.0304**
egreen -0.0331 0.0371 -0.8918 0.3725 22272
shrub 0.0101 0.0488 0.2077 0.8355 1.9008
grass 0.0360 0.0567 0.6357 0.5250 20107
slope -0.0021 0.0017 -1.2706 0.2039 2.8547

note: * denotes significance at 5%, ** denotes significance at 10%
n=4,720
R =.6098
adjusted R? = .6071
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An interegting outcome of these smple estimationsisthat theroof and fire dist have
ggnificant impacts on the log of price. A class A roof detracts from the price of a house
while households are willing to pay a premium to live near the burned area. Asthefull
models will show, the impacts of these variables are not constant but vary over time.
RESULTS

Ordinary least squares regression results of the full mode with interaction terms are
presented in Tables 18-21. Thefird three estimations feature the vegetation and dope
variablesfor the 90-, 190-, and 510-meter neighborhoods. The find estimation omits the
vegetation and dope measures entirely. A potentia problem with spatid datais anon
constant error variance, or heteroskedadticity. In the presence of heteroskedadticity, the
coefficient estimates are unbiased but the standard errors of the estimates are biased
(Maddala1992). Any inference based on the biased standard errors will beincorrect. Visua
ingpection of the squared resduds from the smple models plotted against the vegetation
measures suggested possible heteroskedadticity. The SAS command ACOV was used to
generate the heteroskedadticity consistent covariance matrix (HCCM),

(36) HCCM = (K& ) 'K ddiag(eed]K (K& )*
where K isthe matrix of regressors and e is the vector of resduas from the OL S regression.
This estimator is useful because that inference can be performed without specifying the
actual form of heteroskedagticity (Greene 2000). White (1980) explainsthat the Statistic for
testing the significance of each regressor using the HCCM is distributed ¢ with 1 degree of
freedom, which is exactly the square of the asymptotic t Satistic. The vector of asymptotic

standard errors using the HCCM
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37 1/diagiHCCMi

was used to derive the ¢ ? test statistics,

@b 0
GASE 5
where b, is the OLS coefficient estimate of the ™" regressor and ASE, is the associated

(3) c?=

asymptotic standard error from (37).
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Table18: OL Sregression resultsof model using 90m neighbor hood wher e vegetation
and dopevariablesarenot interacted with saledate. Dependent variableisthe
natural log of price, In_P.

Variable Egimate Asymp Std Err  Chi Square  p > Chi Square

I nter cept 6.6754 0.2974 503.9329 0.0000*
In_acres 0.0656 0.010¢ 36.5636 0.0000*
In_sq ft 04914 0.0187 692.7452 0.0000*
In_age -0.0591 0.004 171.7325 0.0000*
oth_struct 01713 0.053C 104333 0.0012*
att_gar 0.1325 0.012C 122.2338 0.0000*
det_gar 0.0860 0.0134 41.1173 0.0000*
deck_porch 0.1024 0.0114 79.9637 0.0000*
patio_carport 0.0535 0.010€¢ 25.3987 0.0000*
unfin_bsmnt 0.0655 0.010¢ 35.7593 0.0000*
fin_bsmnt 0.1882 0.0114 273.9847 0.0000*
hot_tub 0.0577 0.04C 1.3887 0.2386
fireplace 0.1018 0.010¢ 92.2868 0.0000*
water front 0.7861 0.056€ 193.0102 0.0000*
prim_mobile -0.5059 0.032¢ 240.3612 0.0000*
perc_white 0.0019 0.001¢ 1.0273 0.3108
In_med_inc 0.109% 0.0311 12.4239 0.0004*
road 0.0072 0.0047 2.3442 0.1257
sd922 0.0687 0.0487 1.9920 0.1581
sd931 0.1563 0.045: 11.9106 0.0006*
sd932 0.1946 0.047 16.7875 0.0000*
sd941 0.2392 0.042C 324159 0.0000*
sd942 0.2797 0.061€ 20.58% 0.0000*
sd951 0.1582 0.074C 45677 0.0326*
sd952 0.2551 0.063: 16.2166 0.0001*
sd961 0.2770 0.074¢ 13.6810 0.0002*
sd962 04119 0.0522 62.2136 0.0000*
roof921 -0.1356 0.040¢ 11.0275 0.0009*
roof922 -0.1166 0.0391 8.8385 0.0029*
roof931 -0.1926 0.038: 25.3396 0.0000*
roof932 -0.0944 0.037C 6.5028 0.0108*
roofo41 -0.1279 0.031¢ 16.4830 0.0000*
roof942 -0.0871 0.036C 5.8618 0.0155*
roof951 -0.1003 0.043: 5.3650 0.0205*
roof952 -0.0229 0.034: 0.4466 0.5039
roof961 0.0261 0.0492 0.2824 0.5952
roof962 -0.1364 0.025: 28.9683 0.0000*
nat_for_dist -0.0064 0.004E 19770 0.1597
nat_for_dist942 -0.0065 0.008z 0.63%4 04254
nat_for_dist951 0.0076 0.011€ 04231 05154
nat_for_dist952 0.0025 0.008¢t 0.0844 0.7714
nat for dist961 0.0162 0.008¢ 3.3942 0.0654* *
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Table 18 (cont’d): OL Sregression resultsof model using 90m neighbor hood wher e vegetation
and dopevariablesarenot interacted with saledate. Dependent variableisthe
natural log of price, In_P.

Variable Egimate Asymp Std Err  Chi Square  p > Chi Square
nat_for_dist962 0.0082 0.008¢ 0.8824 0.3476
fire dist -0.0043 0.0011 15.3103 0.0001*
fire_dist942 -0.0003 0.0022 0.0205 0.8860
fire_dist951 0.0056 0.0032 3.0625 0.0801**
fire_dist952 -0.0004 0.0024 0.0216 0.8831
fire_dist961 -0.0062 0.0024 6.9095 0.0086*
fire_dist962 -0.0041 0.0022 3.3990 0.0652* *
egreen -0.0732 0.0407 3.2286 0.0724**
shrub -0.0241 0.0371 0.4205 05167
grass -0.0133 0.0441 0.0912 0.7627
slope -0.0044 0.0027 2.7033 0.1001
veg_slope 0.0094 0.003¢ 6.7788 0.0092*

note: * denotes significance at 5%, ** denotes significance at 10%
n=4,720
R = 6147
adjusted R? = 6103
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Table19: OLSregression results of model using 190m neighbor hood wher e vegetation
and dopevariablesarenot interacted with saledate. Dependent variableisthe
natural log of price, In_P.

Variable Egimate Asymp Std Err  Chi Square  p > Chi Square

I nter cept 6.7085 0.301C 496.7634 0.0000*
In_acres 0.0662 0.011C 36.1300 0.0000*
In_sq ft 0.4904 0.018¢ 682.8511 0.0000*
In_age -0.0591 0.004 170.3550 0.0000*
oth_struct 0.1678 0.053: 9.9259 0.0016*
att_gar 0.1318 0.011¢ 121.8438 0.0000*
det_gar 0.0863 0.0134 41.2514 0.0000*
deck_porch 0.1032 0.011 80.0248 0.0000*
patio_carport 0.0530 0.010€¢ 24.8128 0.0000*
unfin_bsmnt 0.0659 0.010¢ 36.2445 0.0000*
fin_bsmnt 0.1867 0.0114 269.7182 0.0000*
hot_tub 0.0581 0.049z 1.3959 0.2374
fireplace 0.1011 0.010¢ 91.0208 0.0000*
water front 0.7828 0.056¢€ 191.2188 0.0000*
prim_mobile -0.5053 0.0327 238.8582 0.0000*
perc_white 0.0018 0.001¢ 0.9947 0.3186
In_med_inc 0.1077 0.0314 11.7387 0.0006*
road 0.0068 0.0047 20306 0.1542
sd922 0.0690 0.0482 20238 0.1548
sd931 0.1566 0.044¢ 12.1423 0.0005*
sd932 0.1954 0.0474 17.0180 0.0000*
sd941 0.2420 0.041¢ 33.3753 0.0000*
sd942 0.2781 0.0617 20.2974 0.0000*
sd951 0.1570 0.0737 4.5346 0.0332*
sd952 0.2565 0.063: 16.4391 0.0001*
sd961 0.2763 0.074¢ 13.6053 0.0002*
sd962 04127 0.0522 62.1712 0.0000*
roof921 -0.1356 0.0407 111013 0.0009*
roof922 -01171 0.0391 89854 0.0027*
roof931 -0.1941 0.0381 259424 0.0000*
roof932 -0.0957 0.037C 6.6792 0.0098*
roofo41 -0.1303 0.031£ 17.1164 0.0000*
roof942 -0.0861 0.0361 56776 0.0172*
roof951 -0.0999 0.043C 5.3907 0.0202*
roof952 -0.0248 0.034z 0.5247 0.4683
roof961 0.0265 0.049: 0.2881 0.5915
roof962 -0.1374 0.025¢ 28.7998 0.0000*
nat_for_dist -0.0072 0.004 24952 0.1142
nat_for_dist942 -0.0063 0.0081 0.5952 0.4404
nat_for_dist951 0.0076 0.011€ 0.4264 0.5137
nat_for_dist952 0.0028 0.0082 0.1047 0.7463
nat for dist961 0.0170 0.008¢ 3.7255 0.0536* *
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Table 19 (cont’d): OL Sregression results of model using 190m neighbor hood wher e vegetation
and dopevariablesarenot interacted with saledate. Dependent variableisthe
natural log of price, In_P.

Variable Egimate Asymp Std Err  Chi Square  p > Chi Square
nat_for_dist962 0.0085 0.008¢ 0.9410 0.3320
fire dist -0.0043 0.0011 15.1467 0.0001*
fire_dist942 -0.0003 0.002z 0.0216 0.8831
fire_dist951 0.0057 0.0032 31511 0.0759**
fire_dist952 -0.0004 0.0024 0.0273 0.8688
fire_dist961 -0.0064 0.0024 7.3522 0.0067*
fire_dist962 -0.0042 0.002: 34454 0.0634* *
egreen -0.0847 0.0465 3.3527 0.0671**
shrub -0.0257 0.0467 0.3027 0.5822
grass -0.0336 0.05C 0.3255 0.5683
slope -0.0026 0.0031 0.7122 0.3987
veg_slope 0.0075 0.0044 28779 0.0898* *

note: * denotes significance at 5%, ** denotes significance at 10%
n=4,720
R = 6142
adjusted R? = 6098
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Table20: OLSregression resultsof model using 510m neighbor hood wher e vegetation
and dopevariablesarenot interacted with saledate. Dependent variableisthe
natural log of price, In_P.

Variable Egimate Asymp SldErr  Chi Square  p > Chi Square

I nter cept 6.7448 0.308C 479.5475 0.0000*
In_acres 0.0715 0.0111 414751 0.0000*
In_sq ft 0.4915 0.018¢ 681.0870 0.0000*
In_age -0.0603 0.004 177.5962 0.0000*
oth_struct 0.1614 0.0531 9.2227 0.0024*
att_gar 0.1292 0.012C 116.5154 0.0000*
det_gar 0.0838 0.0134 38.8698 0.0000*
deck_porch 0.1051 0.011 834192 0.0000*
patio_carport 0.0524 0.0107 241102 0.0000*
unfin_bsmnt 0.0670 0.010¢ 37.5415 0.0000*
fin_bsmnt 0.1889 0.011z 277.2589 0.0000*
hot_tub 0.0603 0.04%4 1.4903 0.2222
fireplace 0.1007 0.010¢ 90.8097 0.0000*
water front 0.7707 0.057C 182.8819 0.0000*
prim_mobile -0.5055 0.0327 239.4633 0.0000*
perc_white 0.0005 0.001¢ 0.0639 0.8005
In_med_inc 0.119% 0.032¢ 135024 0.0002*
road 0.0045 0.004¢ 0.8687 0.3513
sd922 0.0677 0.048¢ 19167 0.1662
sd931 0.1590 0.045C 12.4927 0.0004*
sd932 0.1951 0.047 16.8727 0.0000*
sd941 0.2431 0.0422 33.1974 0.0000*
sd942 0.2783 0.062= 19.9763 0.0000*
sd951 0.1634 0.074¢ 4.8027 0.0284*
sd952 0.2572 0.063: 16.5103 0.0000*
sd961 0.2748 0.0752 13.3312 0.0003*
sd962 04136 0.0527 61.5199 0.0000*
roof921 -0.1373 0.041C 11.1918 0.0008*
roof922 -0.1168 0.039z 8.8607 0.0029*
roof931 -0.1967 0.037¢ 26.9089 0.0000*
roof932 -0.0967 0.037C 6.8487 0.0089*
roofo41 -0.1320 0.031€ 17.3835 0.0000*
roof942 -0.0891 0.0364 5.9889 0.0144*
roof951 -0.1046 0.043 5.7942 0.0161*
roof952 -0.0256 0.0341 0.5627 0.4532
roof961 0.0258 0.0497 0.2691 0.6040
roof962 -0.1427 0.0257 30.7495 0.0000*
nat_for_dist -0.0085 0.004¢ 34864 0.0619* *
nat_for_dist942 -0.0064 0.008z 0.6081 04355
nat_for_dist951 0.0076 0.011¢€ 0.4306 05117
nat_for_dist952 0.0025 0.0082 0.0883 0.7663
nat for dist961 0.0177 0.008¢ 4.0973 0.0430*
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Table 20 (cont’d): OLSregression resultsof model using 510m neighborhood wher e vegetation
and dopevariablesarenot interacted with saledate. Dependent variableisthe
natural log of price, In_P.

Variable Egimate Asymp Std Err  Chi Square  p > Chi Square
nat_for_dist962 0.0095 0.0087 11815 02771
fire dist -0.0043 0.001= 13.8944 0.0002*
fire_dist942 -0.0002 0.0022 0.0063 0.9368
fire_dist951 0.0055 0.0032 29317 0.0869* *
fire_dist952 -0.0004 0.0024 0.0253 0.8736
fire_dist961 -0.0065 0.0024 7.4628 0.0063*
fire_dist962 -0.0042 0.002: 3.5595 0.0592* *
egreen -0.0536 0.0537 0.9985 0.3177
shrub -0.0035 0.058¢ 0.0036 0.9523
grass 0.0013 0.0817 0.0003 0.9872
slope -0.0044 0.003¢ 15489 0.2133
veg_slope 0.0036 0.0051 0.4939 04822

note: * denotes significance at 5%, ** denotes significance at 10%
n=4,720
R = 6137
adjusted R? = 6098
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Table21l: OLSregression resultsof model excluding vegetation and slopevariables.
Dependent variableisthenatural log of price, In_P.

Variable Estimate Asymp SIdErr  Chi Square p > Chi Square
I ntercept 6.7164 0.290C 536.3509 0.0000*
In_acres 0.06%4 0.010¢ 45,6251 0.0000*
In_sq ft 0.4955 0.018¢ 733.6253 0.0000*
In_age -0.05%4 0.0044 179.7129 0.0000*
oth_struct 0.1619 0.053C 9.3352 0.0022*
att_gar 01322 0.011¢ 1237304 0.0000*
det_gar 0.0858 0.0134 41,1432 0.0000*
deck_porch 0.1030 0.0114 81.6045 0.0000*
patio_carport 0.0523 0.0107 24.1083 0.0000*
unfin_bsmnt 0.0677 0.010¢ 385013 0.0000*
fin_bsmnt 0.1891 0.0112 279.4422 0.0000*
hot_tub 0.0608 0.0491 15302 0.2161
fireplace 0.1006 0.0105 91.2967 0.0000*
water front 0.7727 0.0567 185.7318 0.0000*
prim_mobile -0.5047 0.0327 238.1577 0.0000*
perc_white 0.0008 0.001€ 0.1802 0.6712
In_med_inc 01122 0.0307 13.3576 0.0003*
road 0.0068 0.0047 2.1099 0.1463
sd922 0.0634 0.0485 1.9901 0.1583
sd931 0.1597 0.044¢ 12.6705 0.0004*
sd932 0.1%47 0.0472 16.9257 0.0000*
sd941 0.2426 0.042C 33.3903 0.0000*
sd942 0.2740 0.061¢ 195649 0.0000*
sd951 0.1598 0.0737 47027 0.0301*
sd952 0.2560 0.0631 16.4492 0.0000*
sd961 0.2750 0.075C 134474 0.0002*
sd962 04131 0.0527 61.4248 0.0000*
roof921 -0.1367 0.0407 11.2518 0.0008*
roof922 -0.1163 0.039C 8.8990 0.0029*
roof931 -0.1973 0.038C 26.9165 0.0000*
roof932 -0.0960 0.036¢ 6.7534 0.0094*
roof941 -0.1299 0.031€ 16.9153 0.0000*
roof942 -0.0864 0.036C 5.7493 0.0165*
roof951 -0.1011 0.0427 5.6114 0.0178*
roof952 -0.0249 0.034C 0.5355 0.4643
roof961 0.0255 0.04% 0.2655 0.6064
roof962 -0.1432 0.025¢ 30.7236 0.0000*
nat_for_dist -0.0072 0.0044 2.6691 01023
nat_for_dist942 -0.0060 0.008z 0.5435 04610
nat_for_dist951 0.0074 0.011€ 0.4057 0.5242
nat_for_dist952 0.0028 0.008E 0.10%4 0.7409
nat_for_dist961 0.0178 0.008¢ 41168 0.0425*
nat for dist962 0.0094 0.008¢ 1.1563 0.2822

84




Table 21 (cont’d): OLSregression resultsof model excluding vegetation and slope variables.
Dependent variableisthenatural log of price, In_P.

Variable Egimate Asymp SIdErr  Chi Square p > Chi Square
fire dist -0.0040 0.0011 13.8991 0.0002*
fire_dist942 -0.0001 0.0022 0.0029 0.9567
fire_dist951 0.0056 0.0032 3.0906 0.0787**
fire_dist952 -0.0004 0.0024 0.0279 0.8674
fire_dist961 -0.0065 0.0024 7.5197 0.0061*
fire_dist962 -0.0042 0.002z 34410 0.0636* *

note: * denotes significance at 5%, ** denotes significance at 10%
n=4,720

R? = 6134
adjusted R? = 6094

All sructurd varidbles in the four estimations are of the expected sign and with the
exception of hot_tub are Sgnificant & a minimum of 5% in dl four esimations. Both age
and primary mobile structures detract from price. There isa sgnificant premium for
waterfront property and primary mobile homes are heavily discounted. Across the three
neighborhoods, the generd price leve fel sharply in thefirg haf of 1995. Absent any other
shocksto the local housing market, thisis evidence of afire-induced overdl declinein the
generd priceleve for resdentiad housing in Chelan County. For the variables serving as
proxies for overal differencesin location and urban development only the log of median
household income is Sgnificant across al four estimations.

The coefficient estimate for fire_dist is negative and highly sgnificant across the four
modds, indicating that prior to the fires households placed a premium on living near the area
that would burn. An additiona kilometer from the burned area prior to the fire discounts
price by $492 for the 90-meter model, $493 for the 190-meter model, $494 for the 510-meter

model, and $461 for the modd with no vegetation or dope. The negative coefficient
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edimate of fire_dist revedsthat the area that burned, in its unburned state before the second
half of 1994, possessed some qudities that were unique from the rest of the nationa forest. |
cannot specificaly identify characteristics of the burned area for which households would
have a pogtive willingness to pay for proximity before thefires. However the coefficient on
fire_dist indicates that the resdential housing market capitalized qudities of thisareasuch as
viewshed or recreation prior to the 1994 fires. The coefficient on fire_dist951 is podtive and
ggnificant for the four models. For the firgt haf of 1995, an additiond kilometer from the
burned area adds $152 to price for the 90-meter model, $158 for the 190-meter model, $134
for the 510-meter model, and $183 for the modd with no vegetation or dope. The
coefficient for nat_for_dist is agnificant for only the 510-meter estimation- an additiona
kilometer from the nationd forest discounts price by $974 prior to the fires. None of the
distance to the nationa forest interaction variables (nat_for_dist942, etc.) are Sgnificant.
These results seem to reved that while the fire had no impact on the overal vaue that
households place on living near the nationd forest, the vaue for living near the burned area
did fdl in response to the decreased amenity levdl.

The signs on the coefficient estimates of the roof and sales date interaction variables
indicate that having afire-resstant roof detracted from the price of a house from the
beginning of 1992 through the beginning of 1994. The value of afire-resstant roof increases
sharply in the second half of 1994 (though gtill negative), stays roughly the same through the
first haf of 1995, and becomes inggnificant for twelve months afterward. This pattern
shows a generd increase for the willingness to pay for sdf-protecting with aclass A roof

beginning in the sx month period the fire occurred and is consistent across the three
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edimations. The changein roof from the firgt haf of the sample to the 24-month period
beginning in the second haf of 1994 is confirmed with atest for the difference in the mean
coeffident. The smdl sample difference in means test Satistic for unequa sample variances

is

(39) t=—t—
=, 50
nl n2 ﬂ
where b,,b, arethe mean coefficients, S,S; are the sample variances, and n, ,n, are the

samplegzes. Thet gatigicsin Table 22 indicate that the mean coefficient of roof is

datidicdly different in the two periods for dl four estimations.

Table22: Differencein mean coefficient of roof

first half 1992 - first half 1994 | second half 1994 - fir st half 1996

mean coeff variance n mean coeff variance n t
90m -0.1334 0.0013 5 -0.0461 0.0035 4 -2.5974
190m -0.1346 0.0013 5 -0.0461 0.0034 4 -2.6454
510m -0.1359 0.0014 5 -0.0484 0.0036 4 -25434
noveg or dope -0.1352 0.0015 5 -0.0467 0.0034 4 -2.6073

Therisk proxies for the amount of vegetation in the household' s neighborhood do not
exhibit any definitive responsesto the fire. In fact, based on these results thereislittle
evidence that there is any value (positive or negative) placed on alarger amount of fud
surrounding ahouse. As discussed in the policy chapter, this seemsto indicate that
households place little or no value on the reduction of community risk. Based on the R
daidics there is not much difference in the four esimations- the 90-meter neighborhood

performed the best, followed by the 190-meter neighborhood, the 510-meter neighborhood,
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and the model with no vegetation or dope. The smdler the area conddered for the
vegetation and dope variables, the better the modd performed. However, nat_for_dist was
only sgnificant in the estimation with the widest area consdered (510 meters).

Tables 23-25, included in the appendix, feature the vegetation and dope variables
interacted with the sdles date. The generd results for the structurd, roofing, and
neighborhood risk variables are congstent with those for the primary (Smpler) models. In
the primary estimations, nat_for_dist was sgnificant only when consdering a 510-meter
neighborhood of vegetation and dope. When the sdles date dummies are interacted with
these neighborhood risk proxies, nat_for_dist is sgnificant for dl three neighborhoods.

An additiona kilometer from the nationa forest discounts price by $1,041 for the 90-meter
model, $1,211 for the 190-meter model, and $1,389 for the 510-meter model. These values
do not change as aresult of thefire. The coefficientson fire_dist are Smilar to those in the
primary etimations. However, the coefficient on fire_dist951 is d9gnificant for only the 510-
meter estimation- for the first half of 1995 an additional kilometer from the burned area adds
$290 to price. Finally, the 190-meter model performs the best based on the R values,
followed by the 90- and 510-meter models. Comparing the results of these more complex
models with those of the primary estimations (Tables 18-21) indicate that the performance of
the models and the estimates on the distance measures are sensitive to how the neighborhood
risk proxies are specified.

The modds which produced the results in Tables 18-21 and 23-25 arerichly
specified, with nine sale date dummies which are interacted with severd amenity and risk

proxies. A parsmonious mode was aso estimated and compared to the more complex
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edimations. This modd excluded the hdf-year sde date dummies and included only asingle
before fire/after fire sdle date dummy. This sde date dummy was interacted only with
fire_dist. Although the sde date dummy and fire_dist were both highly sgnificant, the
distance to fire sale date interaction variable was not significant. Thisillustrates the need to
use the richer specification to messure the fire' simpacts.

The coefficients on the variables in the full models (Tables 18-21) that could be
related to the 1994 fires behave in asmilar fashion. All of the effects described above begin
in the second haf of 1994 or firgt haf of 1995. The vaue of being located near the burned
area declines for the first Sx months of 1995. The hedonic price for salf-protecting with a
fire resstant roof shows a generd increasing trend beginning in the second half of 1994.
Since the fires began in late July 1994 and were suppressed in September, it is strange that
stronger effects are not detected in the second half of 1994. This could be due to some
information lag, or only because of the time gap between the commitment to buy a house and
the cdlosing.

The second common effect is the temporary nature of the coefficient changes. With
the exception of the change in the willingness to pay for afire-resistant roof, these impacts
disappear after Six to twelve months. It is especidly unclear why the amenity effect, the
change in the willingnessto pay to live near the fire boundary, is so short-lived. Even today,
after dmogt nine years, the forest till bearsthe scars of thefires. In some areaslarge
amounts of standing, dead timber dominates the landscape. In the next chapter | will

introduce evidence that the media overgtated the damage to the county. This overstatement
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eventually corrected itsdlf as visitors assessed the true damage and the business community
launched public-rdations campaigns dismissing the hype.

The changein the coefficients for sdf-protection introduces an interesting question:
what was the mechanism by which these variables changed? The answer islinked to the
theoretical modd and involves changes in the household' s subjective assessments of risk to
the surrounding neighborhood and risk to their own property. The next chapter deals with
these issues and attempts to define the evolution of household risk perceptions in the context
of the 1994 fires. | will suggest that the true risk of damage or property loss to the household
isvery low and that the erratic behavior of the salf-protection coefficients is consstent with

ether athreshold effect or agenerd lack of awareness of firerisk.
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V. INTERPRETATIONS: THE ROLE OF MARKETSAND INFORMATION

Thefocus of wildfire suppresson in recent years has been the protection of human
lives and property. Thisisin sharp contrat to firefighting policy earlier in the century,
where fires were suppressed regardless of the human vaues at risk. As Cortner et d. (1990)
explan, individua choices regarding location affect not only the decison makers themsdves
but dlso dl levels of government and society at large. The federal government assumes the
mgority of the burden for wildfire suppresson. The exploson of large, intensefiresin the
past decade has brought attention and criticism to the ballooning cogts of fighting fires
Locd and date agencies d o fed the strain during the fire season, when their rdatively
limited resources are dlocated to fighting fires both within and outsde of their usud
juridictions. In light of this shift, the question of how to mitigate risk to property owners
introduces some important policy questions. Where should educationa programs be
directed, at homeowners or loca governments? If educationd programs are available to
interface property owners, will they voluntarily adopt risk-averting measures or accept
publicly funded programs to reduce the collective risk leve in their communities? Absent
voluntary sdf-protection, will communities pass ordinances and codes that require certain
actions on the part of homeownersin the interface?

In this chapter | will interpret my resultsin terms of the policy options for mitigating
risk in the wildland-urban interface. First, based on my theoretica assumptions and the
coefficients for saf-protection and neighborhood risk from the primary estimations (Tables
18-21), | will examine the leve of support for private and collective protection. Next, | will

introduce severd genera models that explain how households respond to a heightened level
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of information about risk to their property. From this group of models, the coefficient for
Hf-protection will assst in selecting candidates which best describe the data and estimation
results. Theseinterpretations will provide guidance about where educationa and community
assistance programs should be directed and whether it isredigtic to expect voluntary
acceptance of risk mitigation measures by households. For fisca years 2001-2003, the
Nationa Fire Plan has dlocated five million dollars to FIREWISE for community assistance
and education. The chapter will conclude with a brief discusson of how extending this
research with survey techniques could further refine the interpretations of the data and
estimation results.
PUBLIC VS COLLECTIVE RESPONSESTO WILDFIRE RISK

The household chooses two types of averting activitiesin itslocation decison. The
fird is sdf-protection, which includes fire-resistant building materids and landscaping in the
areaimmediatdly surrounding ahouse. Absent zoning laws, insurance requiremernts, and
congtruction codes, the decison to sdf-protect is the household’ sdone. Theleve of
collective protection is the second type of averting activity in the presence of wildfire risk.
Collective measures seek to reduce risk outside of the immediate area around a house.
Collective risk is embodied by the characterigtics of the vegetation and landscape in the
household’ s neighborhood and is shared by others. Hence any attempt to reduce this risk
level cannot be undertaken by asingle household. The effort must be community-wide, or
undertaken by public entities on the part of households. The willingness to pay for the two
types of protection from wildfire risk can be inferred by examining the coefficient estimates

on roof and the various vegetation and dope variables.

92



The margind willingnessto pay for private or sdf-protection from wildfire risk is

amply the hedonic price of aclass A fire-resstant roof,

TinP

(40) MWTPfor sdf-protection = .
9 r oof

The empirica gpplication does not include a variable representing collective protection.
However the margind willingnessto pay for these activities can be inferred from the results.
Recdl that the leve of collective averting behavior (G) is a determinant of collective or
community wildfirerisk (a). Collective risk increasesin forest condition (or vegetation
density from the empirical model) and decreases in collective protection. Since the
neighborhood measures of vegetation and dope are proxies for the risk component of forest
condition, their coefficients can revea something about the margina willingnessto pay for
collective protection. From equation (4) collectiverisk isnorrincreasing in the leve of
collective protection, so the household' s margina willingness to pay is proportiond to the

negetive of the coefficients on the neighborhood risk proxies,

(41)  MWTPfor collective risk reduction » - ~102.

risk
where risk represents egreen, shrub, grass, sope, and veg_slope for the three neighborhood
Szes.
Based on the signs of the coefficients for roof and the neighborhood risk proxies, |
can infer whether the household supports sdlf- protection, collective protection, both, or
neither. Consider amatrix for summarizing the possible responses to wildfirerisk. The
coefficient Sgns are those that would signify support or lack of support for the various

rePONSES.
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Type of Protection Sign of Hedonic Priceof  Sign of Hedonic Price of
Supported by Household Fire-Resistant Roof Neighborhood Risk
SHf-Protection &
Collective Protection
Sdf-Protection but not

+ -

Collective Protection ¥ +0
Collective Protection but _/0 )
not Sdlf-Protection

Neither Sdlf-Protection nor ) +0

Collective Protection

Figure12: Matrix relating the signsof coefficientsfor risk proxiesto support for
self-protection and collective protection from wildfirerisk.

For example, the second row in Figure 12 indicates that if the household supports self-
protection but not collective protection, then the sign on roof would be positive while the

sgns of the neighborhood risk proxies would be either positive or zero.

Reating the results obtained in the estimation of the full modd (Tables 18-21) to
Figure 12, households were not willing to pay for collective risk reduction before or &fter the
fires. Prior to the fires households were aso not willing to pay for private sdf- protection.
For the five Sx-month periods prior to the fires, the hedonic price of aClass A fire resstant
roof is negative and highly sgnificant for al three neighborhood estimations.  However, the
post-fire hedonic prices for roofing type indicate atemporary increase in the margina
willingnessto pay for sef-protection. The hedonic price of afire resstant roof increasesin
the last Sx months of 1994 and stays roughly the samein the first haf of 1995. The hedonic
priceisinggnificant for the twelve-month period of mid 1995 to mid 1996. The difference
in meansfor the coefficient estimates of roof (Table 22) substantiates this shift. 1t should be
noted that athough the willingness to pay for afire resstant roof increases subgtantialy after

the fires, it never turns positive and significant. A possible explanation is correation
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between the fire-resistant qudities of the roof and its gppearance. Recdl that the theoretica
mode separated out the averting (A) and appearance characteristics (Za) of sdf-protection
activities. | am unableto do that here, so the coefficient on roofing type likely embodies
both the fire-resistant and aesthetic components of the roof. However, if the household's
vauation of the aesthetic qudity of the roof is congtant over the sample time frame, then any
change in the hedonic price is due to a change in the value placed on the protection qudities.
Asnoted in the andlysis of the empirical results, the neighborhood risk measures do not
exhibit any response to the fires.

Support for these results from previous work ismixed. 1n asurvey of homeownersin
rurd Michigan, Winter and Friend (2000) found that while participants believe it istheir
responsibility to fireproof their own property, the lower aesthetic characteritics of brush
clearing and fire-resstant building materias are not worth the increased protection they
afford. While opinions regarding investment in public infrastructure such as roads and
improved fire suppression equipment were not negetive, neither was there a postive theme
beyond the need for government to respond to fires. Prescribed burning was generaly not
supported because of therisk of escape. The view that collective protection measures may
not be effective in reducing risk or may actualy increase risk could drive households to
adopt sdlf-protective measures. Other work finds moderate to strong support among
homeowners and recreationa users of forestland for these and other government risk-
reduction activities (Cortner et a. 1984, Manfredo et a. 1990, Gardner et a. 1985).

Other explanations are possible for the lack of significance of the neighborhood risk

measures. The*“lightning does't strike twice” rationdization is one possihility. Residents
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may fed that risk has actually decreased because of the event. This may be true in the very
short run, but is not accurate. Firg, the entire county did not burn. Thefires did not affect
large areas of the Wenatchee Nationd Forest. Further, even within the fire boundaries
everything did not burn. The fires burned mosaic patterns and left areas of unburned
vegetation within the boundaries. The unburned portions within the fire boundaries as well
as opportunistic species such as grasses that grew in burned areas after the fire kept the risk
of fire from decreasing substantially. Another explanation for the lack of sgnificance on the
neighborhood risk proxiesis that the expectation of government suppression of wildfires may
creste amord hazard. Why a support collective protection to mitigate risk when it is certain
the government will expend resources to extinguish afire that is threatening a community?
Findly, vegetation and dope are only two variables among many that determine the risk of
wildfire in acommunity. The broad nature of therisk proxies| have chosen leaves
opportunities for future work to refine how households va ue public-sector contributions to
risk reduction.

Information can dso play a powerful rolein how households perceive the risk from
wildfire and therefore vaue risk reduction messures. In the section that follows, | will
further develop the theoreticd modd to take into account the role of information in the

behavior of the hedonic prices.

THE ROLE OF INFORMATION IN RISK PERCEPTIONS
A brief review of the literature on the relationship between subjective risk, objective
risk, and information will assst in tying together the theoretical modd and the trangent

results obtained in the estimation. Firt, define objective risk (a °) as the household' s true
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risk of property damage from wildfire (in contrast to the household's subjective or perceived
risk, a). It has been previoudy established that individuals understate risk for events where
the objective risk is high or above average and overdtate risk for events where the objective

risk islow or below average. Thisisrepresented in Figure 13.

a®

aYa9)

Figure 13: Subjectivevs. objectiverisk. Source: Kask and Maani
(1992).

Kask and Maani (1992) define these findings as transformation bias, which can exist
regardiess of theinformation level. They adso suggest a second source of potential bias. The
impact of poor information, information bias, can exaggerate the existing differences
between subjective and objective risk levels due to transformation bias. Further, Viscus and
Magat (1987) find that additiona information increases perceived risk when the true risk is
high and decreases percelved risk when it isinitidly high. Figures 14 and 15 draw on the
Kask and Maani (1992) synthesis of the two sources of bias and the Viscus and Magat
(1987) results of the evolution of perceived risk in response to an increase in information.
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Figure 14: Downward adjustment of subjective probability with
increased information wherethe objectiverisk level islow.
Source: Kask and Maani (1992).

[1]

Figure 15: Upward adjustment of subjectiverisk with
increased information wherethe objectiverisk level ishigh.
Source: Kask and Maani (1992).

Threshold behavior is another manifestation of transformation bias. Kunreuther et d.

(1978) suggest that subjectiverisk istrandated to aleve at or near zero if individuas believe
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the true risk to be less than the threshold, a ™. Toillustrate how a threshold impacts
household decisiontmaking, consder Figure 16. To the left of point E the truerisk leve is
low and subjectiverisk is overstated. However the presence of athreshold with low true
probabilities will trandate the subjective risk levels to zero if they are less than the threshold.
The nature of this trandation depends on the prevailing information regime. Under high
information, the household is better able to ascertain the true objective risk level and can
compareit to the threshold leve of risk. To theleft of point T, the true leve of risk isless
than the threshold, so the corresponding area of the subjectiverisk line (to the left of B) will
be a or near zero. With alow information regime, the household is less able to gpproximate
the true levd of risk and the subjective risk level must be compared to the threshold. With

low information, the effective percaived risk to the left of A isat or near zero.

as(@o)

aT

ar

Figure 16: Theeffect of athreshold under high and low information.
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Figure 19 repeats Kask and Maani’ s (1992) representation of threshold behavior
where the objective risk islow and below the threshold level (a° < a ™), which is represented
by the portion of the true risk line to the left of point T in Figure 16. At zero or low levels of
information the household is unable to determine the true level of risk, so the effective
subjectiverisk leve isat or near zero (corresponding to the area aong the horizonta axisto
the left of point A in Figure 16). Asinformation increases, the subjective risk leve
incresses. At some criticd level of information (I€) the household is able to better assessthe
objectiverisk level. Initidly the household redizes it has overestimated the objective risk
and adjusts subjective risk down. Once the household redizes that the objective risk isless
than the threshold (corresponding to part of the true risk line to the left of T in Figure 16), the
subjective risk quickly falsto zero (the area dong the horizontd axisto the left of B in
Figure 16). To theleft of 1<, the subjective probability begins near zero because the
household does not know the objective probability but is avare that the true subjective
probability isless than the threshold. To theright of I, the subjective probability goesto
zero because the household, due to the higher level of information, is better able to
goproximate the objective risk level and redizes that it isless than the threshold. The“don’t
know” versus“don’t care’ digtinction for underestimating low objective probabilitiesin the

presence of threshold behavior is an important point.
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Figure17: Adjustment of subjectiverisk with increased information where
objectiverisk islessthan thethreshold. Source: Kask and Maani (1992).

Subjective risk could be understated with low information and alow truerisk evenin
the absence of athreshold. Condder Figure 18. With the level of information initidly low,
the risk of fireisnot on the household's “radar screen.” There may be no reason to think
about firerisk or the household may have other things to consder, so the effective subjective
risk isnear zero. Asinformation increases, the household becomes more aware of the true
risk and may even overdate it, but with sufficient information the subjective risk leve will
gpproach the true level. Thisexplanation is closdly related to the concept of athreshold, but
is different because the household is not actively thinking about risk, whereas with a
threshold there are deliberate comparisons between the threshold and the subjective and true
risk levels. Also, with high enough information the subjective risk approaches the true level.

However in the presence of athreshold high information gtill leads to a zero subjective risk.
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Figure 18: Adjustment of subjectiverisk wherethereisalack of awareness

INTERPRETATIONS

The 1994 firesin Chdlan County are anatura experiment for determining how
household risk perceptions of wildfire risk respond to the introduction of information.
Obsarving the behavior of the coefficient estimates for salf-protection and relating these to
the two sources of biaswill provide ingght into both theinitia relationship between
perceived and objective property damage risk and the reaction of perceived risk to new
information. Beron et a. (1997) present four possibilities describing how hedonic prices
respond to changesin subjective probabilities as aresult of increasing levels of information.
Presenting these in terms of my model will assg in synthesizing the estimation results, the

sources of bias, and the response to new information.
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Case 1. If theinitid household estimate of the probability of damage exceedsthe

true probability (a® > a°) then adecrease in the hedonic price of sdf-protection is

consistent with a downward revison in the subjective probability.

Case 2: If theinitid household estimate of the probability of damage exceeds the

true probability (a® > a°) then an increase in the hedonic price of sdf-protection is

consstent with an upward revison in the subjective probability.

Case 3: If theinitia household estimate of the probability of damege is lessthan the

true probability (a® < a®) then an increase in the hedonic price of sdf-protection is

consgtent with an upward revison in the subjective probability.

Case 4: If theinitia household estimate of the probability of damage is lessthan the

true probability (a® < a®) then a decrease in the hedonic price of sdf-protection is

consggtent with a downward revison in the subjective probability.

To determine which of the four Cases are candidates for explaining my results, | will
begin by showing that the hedonic price of salf-protection and perceived risk movein the
same direction in response to new information. Consider first a decrease in the perceived
risk of property damage. To see why the hedonic price of self-protection must decrease asa

consequence, consider again the relationship from equation (29)

dP as(vs- v

H — A

- .5,S c,,C S [ :
dA a‘vy +a“vy + -a-a)\/X

Theright hand Sde is the margina benefit of sdf-protection: the monetized reduction in

(42)

expected damages from an incrementa unit of sdf-protection. From (18), the left hand sde
of (42) is
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If the perceived risk of property damage declines, expected damages declines. Because (42)
must hold, the household’ s willingness to pay for sdf-protection, (Li: , must fal aswell.

This makes intuitive sense because with an overstated initid subjectiverisk leve, increased
information will dampen (make less negative) the margind impact of an additiond unit of
sif- protection on subjective risk (a3 ) asthe subjective risk level falstoward the true level.
Asthe household is better able to gpproximate the low truerisk level, an additiond unit of
sdf-protection islesslikely to affect the subjective risk assessment. So observing a
decreasing hedonic price for self-protection is congstent with percelved risk thet isinitidly
too high and is adjusted downward toward the true risk level asinformation increases.

Anincrease in the subjective risk of property damage is accompanied by anincreasein
the hedonic price of sdf-protection. Here subjectiverisk isincreasing in response to new
information so expected damages increase. From (42) and (43) the margina willingnessto
pay for self-protection must increase aswell. The margina product of self-protection (a3 )
will increase (become more negetive) as the increase in information induces an upward
revison of subjective risk toward the true level. Asthe household is better able to
gpproximate the high true risk level, an additiond unit of sdf-protection ismore likely to
affect the subjective assessment. Observing an increasing hedonic price for self-protection
indicates an initid level of subjective risk that istoo low and is revised upward toward the
true risk level withincreased information. These changesin the hedonic price of sdf-

protection are manifestations of a shift in the hedonic price function induced by thefires.
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Cases 1 and 4 can immediately be ruled out as descriptions of my estimation results,
since in both the hedonic price is decreasing in response to new information. This leaves
Cases 2 and 3. Figures 17 and 18 are aso candidates, as they embody both anincrease and a
decrease in subjective risk and the hedonic price of sdlf-protection. To the left of 1€,
subjective risk and the hedonic price for sdf- protection rise in response to more information
after an initia underestimate of the low objective risk level. The opposite occurs to the right
of I,

Case 3, corresponding to Figure 15, doneisacandidate for explaining the estimation

MInP

, from the
9 r oof

results. The increasing hedonic price of aClass A fire-resstant roof,

second haf of 1994 through the first half of 1996 is evidence of an initialy low subjective
risk leve that was revised upward in response to the information on wildfire risk that
accompanied thefires. AsI’ll explain below, | assume that the 1994 fires in Chelan County
were events that increased the level of information about the prevailing level of wildfire risk
ether through being near thefire itsdlf, newscasts or radio broadcasts of news about the fire,
or public information campaigns thet followed thefire. Information may have decreased at
some point, inducing a decrease in the hedonic price in the last half of 1996 (see Figures 20
& 21). If Case 3 and Figure 15 represent the evolution of percelved risk, then from the
previoudy established understanding of risk perceptions (that households underestimate
events with above average risk) it must be that the true risk to the household of property
damage isrdatively high or above average. Thisisnot congstent with what we observein

generd or in the case of the 1994 firesin Chelan County. For example, even though the
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overdl risk of firein Chean County is reaively high, the actud risk to the household of
property damage is quite low. Despite the large area burned by the 1994 fires, the property
damage was rlaively light with 37 homes and 76 outbuildings destroyed (Carroll et d.
2000). | therefore rule out Case 3 as an explanation for the behavior of the hedonic prices of
sdf-protection.

Based on the result that the hedonic price for self-protection moves in the same
direction as the perceived risk level, Case 2 is dso a candidate for explaining the estimation
results. AsFigure 19 illugraes, even if the household had been closeinitsinitid
gpproximation of the true risk leve, over-hyping of thetrue risk level could result in an

increase in the subjective risk level and hedonic price for salf-protection.

2]

i

Figure19: Adjustment of subjectiverisk with initial over-hyping of truerisk.
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| rule out Case 2 because it implies an over-hyping of the risk to households during and
following thefires. My survey of the sources of information during and after the fire found
no evidence of over- or under-hyping by the media that would lead to more inaccurate
assessments of wildfire risk (athough | will argue that there was over-hyping of damage to
the forest).

Figures 17 and 18 represent more plausible explanations. Given avery smal
objectiverisk of property damage, even if the household' s true subjective risk substantialy
overestimated thet truerisk at low information levels, a zero effective subjective risk could
result if either the threshold vaue is high enough (Figure 17) or if fire was not even thought
about (Figure 18), leading to very low hedonic pricesfor afire-resstant roof for thefirst half
of the sample. Asinformation increased during and after the fire, the subjective assessment
of property damage aso increased leading to an increase in the hedonic price for the roof
variable from the second half of 1994 through the first half of 1996. The decreasein the
hedonic price of afire-resstant roof in the second haf of 1996 to pre-fire levels could be due
dither to crossing the critical information threshold (I€) where the household redlizes the true
risk is below the risk threshold in Figure 17, or adecrease in information after theinitid
increase in either Figure 17 or 18 (so the household moves back down the subjective risk
curve to the left of 1€ in Figures 17 and 18). For the latter scenario where the changein
information is non-monatonic, if the information level behaved in a manner congstent with
Figure 20, initidly increasing then decreasing after a certain point, then the subjective risk

level would exhibit smilar behavior as shown in Figure 21.
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Figure 20: Behavior of information level over time

Figure 21: Behavior of subjectiverisk level over time

The profiles of information and subjective risk in Figures 20 and 21 correspond to the portion
of Figures 17 and 18 to the left of I°. Asinformation increases the household moves up the

subjectiverisk curve. After information reaches a maximum and decreases, the household
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dides back down the subjective risk curve, ending up at or near where it Sarted- with avery
low subjective risk level and hedonic price for sdf-protection.

From my andlyss of information sources, it is difficult to ascertain the profile of
informetion after the fire- a monotonic increase or initid increase then adecrease. As| will
show, through at least the summer of 1995 efforts were made to provide education to
homeowners on risk mitigation measures. My review of media sources shows that Chelan
residents did not take advantage of these opportunitiesto learn about methods of sdif-
protection.

Inthefind policy analysis, | will argue that the reason the hedonic price of sdf-
protection reversed in late 1996 is not important if arisk threshold exigts, asin Figure 17.
Whether information increased monotonicaly or increased then decreased after the fire
would beirrdevant. Given the very smal risk to the household of property damage or
destruction and arisk threshold that yields very low subjective probabilities even with ahigh
level of information, the household would end up a the same place- alow willingness to pay
for sdf-protection. The presence of the threshold resultsin low hedonic prices for sdlf-
protection under regimes characterized by very low or very high information. Absent
mechanisms to induce a downward adjustment in the threshold leve of risk, there may be
little that can be done to obtain voluntary acceptance of private and collective risk reduction
drategies (evidenced by an increase in the willingness to pay). Even if educationd programs
induced a downward adjustment in thresholds, households would not necessarily adopt sdlf-
protecting measures. The increased leve of information that accompanies educationa

campaigns would enable the household to equate subjective risk to the very low objective
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level, which would correspond to low willingness to pay vaues for sdf-protection. However
if household risk perceptions evolve according to Figure 18 then the reversion of the hedonic
pricein late 1996 to pre-fire levels must be due to a decrease in information. With this
scenario thereis an opportunity for educationd programs to increase awareness of firerisk.
The chalenge would be in maintaining a“volume”’ sufficient for the household to correctly
asessthetrue leve of risk.

A TEMPORAL AND SPATIAL PROFILE OF INFORMATION

An examination of the media coverage during and after the 1994 firesin Chelan
County will provide insight on the evolution of information. In this section | will evduae
the media on its performance in communicating both the extent of wildfire-inflicted damage
to the forest resource and the risk to property owners. |1 will show that dthough the media
overdtated the extent of damage, an accurate portrayal of risk to property owners was
provided. Throughout the fire, The Wenatchee World (TWMW) carried news about the fire and
isavauable source for exploring how information about fire risk was communicated both
during and &fter the fires. News outletsin the Seettle and Portland areas will be useful in
examining how the fires were perceived on the west Sde of the Cascades.

On Sunday July 24, 1994 TWW forecasted a“ dight chance of a shower or
thunderstorm” for the Wenatchee Vdley. The following day the paper reported that a
thunderstorm the previous evening had ignited around 41 fires in the Wenatchee Natiord
Forest. On Thursday July 28 TWAWV began a“Fire facts’ summary on the front page that
outlined the number of casudties, evacuations, road closings, number of buildings logt, and

acreage burned in Chelan County. By 11 A.M. that morning the largest fire, the Tyee, had
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grown to 54,000 acres. During the height of the fires, town meetings held by loca public
officids and federd fire officidsin Chelan, Entiat, Leavenworth, and Wenaichee provided a
forum to discuss issues and answer questions (TWW 07/29/94, 08/01/94, 08/19/94). A local
radio station in Chelan provided constant information and updates on fire conditions, road
closngs, and relief effort coordination (TWAW 08/02/94). A theme often repeated in TVWV
during the 1994 fires is the overdl high leve of firerisk and history of large firesin Chelan
County (TWW 07/27/94, 08/03/94, 08/06/94, and 08/07/94).

This profile indicates that there was no under-hyping of the risk of property damage
or dedtruction during thefires. | amilarly rgect the notion of over-hyping of risk. Even
though worgt-case scenarios did not become redlity, The Seattle Post-Intelligencer (TSPI)
rel ates the opinions of fire officids that dry and windy conditions held the potentia for a
disaster (10/26/94). Even the city of Wenatchee, the largest population center in the Chelan
County, was under the threat from the Hatchery fire, and plans were laid to evacuate the
western portion of the city if the fire crossed Misson Creek (TWW 07/31/94, 08/03/94).
According to The Seattle Times (TST) the threet to Wenatchee was red enough that a
firebreak twenty feet wide and fifteen mileslong was built west of the city asalast defense
(07/02/95). | confirmed the presence of the firebreak in a conversation with the Chelan
County Fire Marshdl.

Even though the media coverage of the fires themsdlves tapered off in mid- September
other sources of information on interface fire risk prevailed. | did not find evidence that their
messages were being heard. In the aftermath of the fires information campaigns to increase

awareness of fire risk among homeowners were given little attention. Educationa eventsin
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late September 1994 in Chelan and neighboring Okanogan Counties were poorly attended
(TVW 10/03/94). Thistrend continued into the summer of 1995 when aseminar on making
homes more fire-resstant drew no attendees (TSPI 07/24/95). Fire officials feared that
people had logt interest, a common occurrence in the months following afire, but at the same
time acknowledged that fire-resstant building materids are no guarantee against damage
(TST 07/02/95). Fires burning in the Wenatchee Nationd Forest during the summers of 1995
and 1996 (The Columbian 09/05/95, 09/01/96; TSPI 09/06/95) provided areminder to
resdents that fire risk had not diminished in the wake of the previous summer’ s devastation.
Even the county administration turned a deef ear to suggestions for decreasing risk to
property including requiring fire-resistant roofs, improved access for fire vehicles, and
defensible space around structures despite the urgings of locd fire officids (TSPl 07/24/95,
07/27/95). Previous opposition from industry groupsto loca and state efforts to reduce
property risk and a desire not to bend to the wishes of the environmenta community were
given as reasons for the lack of a county policy at the time of the fires (TWAW 08/09/94). In
the summer of 1996 the governor of Washington ordered Chelan’s share of the gas tax
withheld for failing to comply with the state' s 1990 Growth Management Act, which was
designed to stem urban sprawl in rapidly growing counties (TSPI 07/02/96, 10/18/96).
There is evidence the perceived leve of fire damage was overstated. The business
community in Chelan County was a very vocd critic of mediahype. Tourism fdl off sharply
during the fires (TWW 07/31/94, TST 10/02/94), and some in the business community and
members of loca government thought that the media had overgtated the damage to the forest

and tourigt attractions (TWW 07/31/94 and 08/08/94, TST 08/11/94 and 08/21/94, TSPI
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09/06/94). Mgjor news network reported that Chelan, atown of alittle over 3,200 at the time
of thefires, had evacuated 300,000 residents and that L ake Chelan would be choked with
pollution from the fires for years (TWW 07/31/94, TST 08/11/94). Some visitors to county
after the fires found that the damage was not as bad as they had expected given the media
coverage (TWAW 08/08/94, The Columbian 08/14/94, TSPI 09/06/94, TST 10/02/94). The
fires did not burn everything ingde the boundariesillusgtrated in the previous chapter. My
own observation confirms that the fire burned a mosaic pattern, leaving unburned sections.
Looking a a map such asin Figure 5 would give the impression that the entire areawithin
the boundaries was destroyed. To combat the perception that flames had consumed the entire
county, loca business groups and governments launched public-reations campaigns, with
gpecia attention given to the Sesttle and Puget Sound areas (TWAW 08/05/94, 08/08/94,
08/10/94, 08/15/94). The over-hyping of fire damage, followed by the redizations of vistors
that damages were not as bad as expected, and the efforts by the local community to bring
tourigts back, helps to explain the trangent nature of the coefficient of fire dist- adecreasein
the willingnessto pay to live near the burned area only in the firgt half of 1995.
POLICY IMPLICATIONS

The suppression of wildfiresis directed at protecting human lives and property. The
wildland-urban interface is expanding, especidly in theinterior west. Households that
choose to locate near areas of high fire risk impose a potentia socid cost outside of the cost
of their housing decison. Thissocia cost is comprised of the expenditures necessary to
protect property in the event of afire. Educationa programs for reducing risk directed at

property owners and local governments “pass’ a socid cost-bendfit test if the cost of the
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programs plus the cost of mitigation measures to homeowners and governments (from
adopting program suggestions) is less than the decrease in suppression expenditures, property
damages. There are non-market benefits to risk reduction as well that could affect the
benefits. For example, in a contingent valuation study of fire risk reduction measuresin
Cdiforniathat would protect spotted owl habitat, Loomis et d. (1997) find that the benefits
to Cdiforniaresidents of the proposed programs were 10 times the estimated costs. | do not
intend to conjecture on the effectiveness of salf-protection or collective-protection measures
in reducing suppression expenditures. However, if obtaining adoption of risk-mitigaing
behaviorsisasocid god then the results from the estimation and the conclusons | have
drawn on the nature and evolution of risk and the role of information can provide policy
makers some direction for efforts to increase adoption of self-protection.

The true risk to any one household of suffering property damage from awildfireis
very smdl. | have previoudy concluded that the evolution of subjective risk and the hedonic
price of sdlf-protection can result from the behavior illugtrated in either Figure 17 or 18. An
increase in information that provided an accurate (ot over- or under-hyped) portraya of
interface risk is responsible for the initid upward adjustment of the coefficient for sdf-
protection under both possibilities. Despite an initid increase in the willingness to pay for a
fire-resstant roof, the coefficient estimate decreased sharply in the second haf of 1996.
Whether this decline was due to a decrease in the information level or the crossing of the
critical information level where the household observesthe truerisk leve in the presence of a
threshold is unclear. However both would produce alow subjective risk level and hence a

low willingnessto pay for sdf-protection. The critica policy result isthat efforts directed at
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households to voluntarily undertake risk mitigation measures appear to be misdirected if
households possess athreshold leve of risk (Figure 17), while asmple lack of awareness
due to low information does suggest an opportunity for education programs (Figure 18)
designed for household consumption.

Providing information with sufficient volume to keep risk in the minds of households
can cure alack of awareness or help to bring attention to fire risk. With athreshold,
however, increasing information to property owners on wildfire risk and mitigation practices
will produce the same result as no information at dl. With higher information, the household
redizestha itstrue risk isvery low (less than its threshold value) resulting in low perceived
risk levels and low hedonic prices for self-protection. The estimation results indicate thet a
middle leve of information can induce an increase in the willingness to pay for sdf-
protection, but this may require a ddicate balancing act in the design of education
campagns.

With athreshold regime, information and education programs directed at loca policy
makers may have a better of success. Chelan County has mixed results formulating officia
polices on mitigating risk to property. The Chelan Fire Marsha indicated that one reason
given by Chdlan officids for not requiring fire-resstant roofs on al new congtruction is that
many of the structures that burned in the 1994 fires, where dry and windy conditions
prevailed, had meta roofs. Thismay be the case but it ignores the possibility thet a least
some structures were saved because of fire-resstant roofing. The fire marshd has
implemented a fire protection credit program, where houses in new subdivisons receive a

credit for having aclass A roof to count againgt any deficienciesin water access. Further, all
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new development in moderate or higher risk areas must have a class A roof. This program
exists for new development on subdivided parcels only, and does not apply to pre-exising
lots. Thisisthe only risk mitigation program in the county, as he stated that there were no
community strategies that he was aware of.

EXTENSIONS

The estimation results do not dlow me to digtinguish between the dternative models
describing the behavior of subjective risk in response to new information. | have speculated,
based on anecdota evidence, that two of the models describe the results better than the rest.
I will briefly suggest some extensions to this research that would provide some further
guidance on thisissue.

Survey instruments are a popular method for determining attitudes and perceptions
regarding risk. The addresses of respondents would provide the location information
necessary to determine the true risk to each household in the survey (based on arisk map).
The subjective or perceived level of risk would be inferred from the survey responses. The
responses would then be compared to the true risk, both before and after the introduction of
information. The questions could be relaively smple, such as asking respondents to rate the
risk of firein their neighborhood and the risk of fire damage to their property. The trgectory
of subjective risk compared to the true level would assist in determining which models are
candidates. Other types of questions could also be useful. For example, Abt et d. ask
respondents to rate a group of perceived problems to the community, induding crime, drugs,
economic problems, tornado damage, and wildfire damage. The mean score for wildfire

would indicate the degree to which wildfire isin the minds of respondents.

116



Theided sStuation would be to perform a survey in an area subgtantidly Smilar to
Chelan County prior to afire to generate a basdline risk measurement, wait for thefireto
occur, then survey again to obtain the post-fire perceptions of risk. Unfortunately, wildfires
do not announce when they will occur. Two options are avallable. The firgt involves
surveying an areathat has been fire free for asubgtantia period of time to generate the pre-
firesample. A separate location could be surveyed following afire to produce the post-fire
sample. If information on demographics and income were collected dong risk perceptions, a
method such as propensty score matching could be used to determine how views onrisk are
different between the two locations. The redization of afireis not necessary for the second
option. A single location could be sampled. Respondents would answer initid questions
regarding their risk perceptions. Following the review of some information regarding risk in
their area, they would provide a second assessment of risk. Viscus and Magat (1987) use a
amilar technique in determining how the risk perceptions of workers change after they were
provided with warning labels for hazardous substances.

The evolution of subjective risk is not the only area where surveys could provide
deeper insight into my results. Based on the coefficient estimates on roof and the
neighborhood risk proxies, | claim that there is an increased willingness to pay for private
sdf-protection and no change in the willingness to pay for collective protection. Abt et d.
(1991) and Cortner et d. (1990) perform surveys that ask respondents how they would rate
different policy options such as prescribed burning, building materid redtrictions, mandatory
insurance, and zoning plans that restrict congtruction in hazardous areas. The proper

instrument for my work would ask respondents to rate these types of policies, in addition to
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various voluntary self-protection measures. Mean ratings before and after the provision of
information on risk would asss in determining how views on private and collective

protection evolve.
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V1. CONCLUS ON

The physicd manifestations of the 1994 firesin Chelan County are ill evident.
Standing, dead timber still dominates the landscape in some areas making it hard to escape
the presence of thefires. Like most natura resources, forests and woodland are a source of
disamenities aswdll as amenities. My theoretical modd illustrates the competing impacts
that increases in forest quality and condition have on housing prices, the amenity effect due
to increased aesthetics and recrestion opportunities and the disamenity of increased fire risk.

The empiricd test of thismode applied to the 1994 firesin Chelan County yielded
mixed results. The estimation results yielded no definitive information on how households
vaue collective risk, represented by vegetation and dope measures. The results did reved
that households place vaue on living the near the nationd forest and that this vaue was
unchanged by thefires. The resdentid housing market in Chelan reacted to the loss of forest
amenity, athough the impact was brief and depends on the Size of the surrounding
neighborhood chosen for the collective risk proxies. The effect of the fires on risk
perceptions of property damage was more lasting, based on results from previous research on
the behavior of risk perceptions in the presence of new information and the analysis of the
coefficientsfor afire-resistant roof. Perceived risk of property damage was initialy
understated, then increased for roughly two years following the fires. | argue thet the fires
themsdlves, the media and educationa programs aimed at homeowners, delivered the
increase in information about risk. The reason for the subsequent decline in subjective risk
and the willingness to pay for afire-resstant roof is unclear, but suggests either arisk

threshold or alack or awareness associated with adeclining leve of information. The
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message for policy makersis that educationa programs directed at households may have
little impact if the presence of risk thresholds result in very low perceived risk levels a very
high and very low levels of information. If awarenessis the issue, education can be

successtul with sufficient volume and a sustained effort.
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VIII. APPENDI X
Derivation of the Expected Marginal Utility of Income:
An dternate expression for (22) isto set up the Lagrangian, incorporating the expected utility

framework:

asfvs+15(vs- x-p, )}
L= +a’{ve+Ic(y°-x-pR,)}
#fi-a%-afv+l (Y- X- R}

wherel 51 € and| arethe margind utilities of income in the property damage, community
damage, and no wildfire sates repectively. The firg-order condition with respect to the
numeraire good X is

Lo
X

(vi +1%)+a°(vS +1¢)+(1- a®- a®)v, +1)=0.

Rearranging terms,

asvs +ave +(l- a®- a®, =ad°+a°Ic+[1- a°- a°) .

The expected margind utility of the numeraire good X is equal to the expected margind

utility of income.
Additional Estimations

These more complex estimations supplement the results presented in Tables 18-21,

interacting the vegetation and dope variables with the sdes date dummies.
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Table23: OLSregression results of complex model using 90m neighbor hood.
Dependent variableisthenatural log of price, In_P.

Variable Egimate Asymp SIdErr  Chi Square p > Chi Square
Intercept 6.5625 0.300¢ 475.6691 0.0000*
In_acres 0.0655 0.010¢€ 36.8749 0.0000*
In_sq ft 0.4926 0.0187 693.6928 0.0000*
In_age -0.0595 0.0045 176.6814 0.0000*
oth_struct 0.1764 0.0511 11.8919 0.0006*
att_gar 0.1296 0.011¢ 1185211 0.0000*
det_gar 0.0840 0.0134 39.4699 0.0000*
deck_porch 0.1011 0.0112 79.7195 0.0000*
patio_carport 0.0514 0.010t 23.9063 0.0000*
unfin_bsmnt 0.0656 0.010¢ 36.5573 0.0000*
fin_bsmnt 0.1880 0.011 267.9852 0.0000*
hot_tub 0.0642 0.049: 1.6962 0.1928
fireplace 0.0988 0.0107 85.5872 0.0000*
water front 0.7859 0.056¢ 190.8761 0.0000*
prim_mobile -0.5070 0.032= 243.9392 0.0000*
perc_white 0.0019 0.001€ 10741 0.3000
In_med_inc 0.1152 0.030¢ 13.9673 0.0002*
road 0.0075 0.0047 2.5690 0.1090
sd922 0.1152 0.060z 3.6627 0.0556* *
sd931 0.2442 0.063¢ 14.7922 0.0001*
sd932 0.2258 0.0601 141330 0.0002*
sd941 0.3338 0.0562 35.1244 0.0000*
sd942 0.3188 0.08%4 13.9403 0.0002*
sd951 0.1998 0.101 3.8760 0.0490*
sd952 0.3266 0.085¢ 14.4698 0.0001*
sd961 0.2553 0.096¢ 6.9439 0.0084*
sd962 0.5033 0.073¢ 47.1837 0.0000*
roof921 -0.1243 0.041C 9.1986 0.0024*
roof922 -0.1201 0.038¢ 9.8253 0.0017*
roof931 -0.1875 0.039E 225325 0.0000*
roof932 -0.0831 0.037¢ 4.8087 0.0283*
roofo41 -0.1356 0.032¢ 17.3202 0.0000*
roof942 -0.0842 0.0372 5.0838 0.0242*
roof951 -0.0910 0.04%4 4.0135 0.0451*
roof952 -0.0284 0.035€ 0.6357 0.4253
roof961 0.0195 0.049%€ 0.1551 0.6937
roof962 -0.1462 0.026¢ 205104 0.0000*
nat_for_dist -0.0091 0.0047 3.7628 0.0524**
nat_for_dist942 -0.0017 0.009C 0.0361 0.8492
nat_for_dist951 0.0082 0.0131 0.3952 0.5296
nat_for_dist952 0.0035 0.0097 0.1339 0.7144
nat_for_dist961 0.0239 0.008¢ 7.4030 0.0065*
nat_for_dist962 0.0132 0.0092 1.9972 0.1576
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Table 23 (cont’d): OL Sregression results of complex model using 90m neighborhood.
Dependent variableisthe natural log of price, In_P.

Variable Egimate Asymp SIdErr  Chi Square p > Chi Square
fire dist -0.0041 0.0011 13.0074 0.0003*
fire_dist942 -0.0007 0.0024 0.0957 0.7571
fire_dist951 0.0052 0.003E 2.1918 0.1387
fire_dist952 -0.0009 0.002¢ 0.0969 0.7556
fire_dist961 -0.0050 0.002¢ 32751 0.0703**
fire_dist962 -0.0048 0.002z 4.7309 0.0296*
egreen921 -0.0691 0.127C 0.2957 0.5866
egreen922 -0.0314 0.1257 0.0625 0.8026
egreen93l -0.2557 0.146C 3.0660 0.0799* *
egreen932 -0.1514 0.104¢ 2.0880 0.1485
egreen941 -0.0927 0.118F 0.6128 0.4337
egreen942 -0.1118 0.1051 1.1320 0.2873
egreen951 -0.1313 0.137¢ 09111 0.3398
egreen952 -0.0223 0.112C 0.0398 0.8419
egreen961 0.1243 0.140= 0.7833 0.3761
egreen962 -0.0428 0.093E 0.20%4 0.6472
shrub921 0.0891 0.097¢ 0.8284 0.3627
shrub922 -0.1838 0.128¢ 20335 0.1539
shrub931 0.0635 0.1107 0.3291 0.5662
shrub932 -0.0697 0.091F 0.5805 0.4461
shrub941 -0.0641 0.0901 0.5066 0.4766
shrub942 -0.1389 0.1045 1.7667 0.1838
shrub951 -0.0766 0.174¢ 0.1924 0.6609
shrub952 0.0729 0.110¢ 0.4369 0.5086
shrub961 -0.0051 0.0955 0.0029 0.9570
shrub962 0.0987 0.096E 1.0459 0.3064
grass921 0.1984 0.1797 12193 0.2695
grass922 -0.1922 0.126¢ 2.2927 0.1300
grass931 0.0846 0.1937 0.1905 0.6625
grass932 0.1197 0.095¢ 15573 0.2121
grass941 -0.1392 0.140¢ 0.9778 0.3228
grass942 0.0399 0.101 0.1542 0.6945
grass951 -0.1535 0.175¢ 0.7658 0.3815
grass952 -0.0116 0.137¢ 0.0071 0.9327
grass961 0.1017 0.1012 1.0091 0.3151
grass962 -0.1589 0.123¢ 1.6538 0.1984
slope921 0.0034 0.0077 0.2005 0.6543
slope922 0.0067 0.005€ 14073 0.2355
slope93l -0.0151 0.010¢ 1.9156 0.1663
slope932 0.0003 0.0047 0.0040 0.9495
slope941 -0.0157 0.0077 41816 0.0409*
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Table 23 (cont’d): OLSregression resultsof complex model using 90m neighbor hood.

Dependent variableisthenatural log of price, In_P.

Variable Egimate Asymp SIdErr  Chi Square p > Chi Square
slope942 -0.0037 0.0062 0.3545 0.5516
slope951 0.0044 0.012¢ 0.1238 0.7250
slope952 -0.0085 0.005€ 2.2597 0.1328
slope96l 0.0031 0.006C 0.2591 0.6108
slope962 -0.0219 0.009C 59171 0.0150*
veg_sloped21 0.0020 0.0111 0.0333 0.8553
veg_slope922 0.0045 0.008¢t 0274 0.5998
veg_slope93l 0.0150 0.0151 0.9928 0.3190
veg_sloped32 0.0067 0.008C 0.7021 04021
veg_slope941 0.0229 0.010z 5.0037 0.0253*
veg_sloped42 0.0135 0.008€ 24914 0.1145
veg_slopeds1 0.0034 0.016z 0.0450 0.8320
veg_sloped52 0.0063 0.0101 0.3871 0.5338
veg_sloped6l -0.0015 0.0101 0.0226 0.8804
veg_slope962 0.0263 0.011€ 5.1460 0.0233*

note: * denotes significance at 5%, ** denotes significance at 10%
n=4,720

R? = 6203
adjusted R® = 6122
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Table24: OLSregression results of complex model using 190m neighbor hood.
Dependent variableisthenatural log of price, In_P.

Variable Egimate Asymp Std Err  Chi Square  p > Chi Square
I nter cept 6.6275 0.3036 476.4294 0.0000 *
In_acres 0.0666 0.0109 37.4186 0.0000*
In_sq ft 04911 0.0188 682.9366 0.0000 *
In_age -0.0597 0.0045 177.6127 0.0000*
oth_struct 0.1725 0.0516 11.1915 0.0008*
att_gar 0.1292 0.0119 117.3983 0.0000 *
det_gar 0.0853 0.0133 41.0002 0.0000*
deck_porch 0.1015 0.0113 80.0586 0.0000 *
patio_carport 0.0515 0.0106 23.74% 0.0000*
unfin_bsmnt 0.0664 0.0108 37.6183 0.0000 *
fin_bsmnt 0.1873 0.0114 268.7478 0.0000 *
hot_tub 0.0627 0.04%4 16121 0.2042
Fireplace 0.0973 0.0107 83.0993 0.0000*
waterfront 0.7844 0.0570 189.0667 0.0000 *
prim_mobile -0.5049 0.0322 245.3260 0.0000*
perc_white 0.0018 0.0018 0.9207 0.3373
In_med_inc 01112 0.0311 12.8187 0.0003*
road 0.0074 0.0047 24590 0.1169
sd922 0.1105 0.0628 3.0907 0.0787 **
sd931 0.2588 0.0634 16.6490 0.0000 *
sd932 0.2310 0.0623 13.7589 0.0002 *
sd941 0.3450 0.0585 34.7298 0.0000 *
sd942 0.3358 0.0834 14.4130 0.0001 *
sd951 0.2144 0.1064 4.0558 0.0440*
sd952 0.3068 0.0897 11.6882 0.0006 *
sd961 0.2479 0.0986 6.3145 0.0120*
sd962 0.5057 0.0752 45.2289 0.0000 *
roof921 -0.1242 0.0408 9.2613 0.0023*
roof922 -0.1138 0.0334 8.8034 0.0030*
roof931 -0.1854 0.03%4 221912 0.0000 *
roof932 -0.0871 0.0380 5.2444 0.0220*
roof941 -0.1361 0.0321 17.9577 0.0000*
roof942 -0.0843 0.0378 4.9808 0.0256 *
roof951 -0.0964 0.0454 45140 0.0336 *
roof952 -0.0327 0.0357 0.8348 0.3609
roof961 0.0186 0.0495 0.1413 0.7070
roof962 -0.1545 0.0270 32.8060 0.0000 *
nat_for_dist -0.0106 0.0047 5.1748 0.0229*
nat_for_dist942 -0.0022 0.0088 0.0642 0.8000
nat_for_dist951 0.0086 0.0131 04347 0.5097
nat_for_dist952 0.0067 0.0096 0.4892 0.4843
nat_for_dist961 0.0266 0.0088 9.0551 0.0026 *
nat_for_dist962 0.0152 0.0094 26290 0.1049
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Table 24 (cont’d): OLSregression resultsof complex model using 190m neighbor hood.
Dependent variableisthenatural log of price, In_P.

Variable Estimate Asymp Std Err  Chi Square  p > Chi Square
fire dist -0.0043 0.0012 137523 0.0002 *
fire_dist942 -0.0007 0.0024 0.089%6 0.7647
fire_dist951 0.0053 0.0035 2.2659 01322
fire_dist952 -0.0003 0.0028 0.0117 0.9138
fire_dist961 -0.0049 0.0027 33173 0.0686 * *
fire_dist962 -0.0046 0.0023 4.2562 0.0391*
egreen921 -0.0827 0.1359 0.3702 0.5429
egreen922 -0.0972 0.1438 04576 04987
egreen931 -0.29% 0.1554 37112 0.0540 **
egreen932 -0.1499 0.1156 1.6818 0.1947
egreen941 -0.1878 0.1400 1.7992 0.1798
egreen942 -0.1579 01181 17897 0.1810
egreen9s1 -0.1577 0.1521 10747 0.2999
egreen952 0.0691 0.1282 0.2004 0.5900
egreen961 0.1448 0.1527 0.8988 0.3431
egreen962 -0.0126 01114 0.0127 0.9103
shrub921 0.0457 0.1407 0.1057 0.7451
shrub922 -0.2072 0.1307 25121 01130
shrub931 0.2405 0.1251 3.6%41 0.0546 **
shrub932 -0.1101 0.1096 1.0075 0.3155
shrub941 -0.1482 0.1288 1.3225 0.2501
shrub942 -0.1374 0.1325 10761 0.2996
shrub951 -0.0332 0.2090 0.0253 0.8736
shrub952 0.0852 0.1302 0.4283 0.5128
shrub961 -0.0235 0.1102 0.0455 0.8310
shrub962 0.1085 0.1243 0.7623 0.3826
grass921 0.1319 0.2600 0.2575 0.6119
grass922 -0.2731 0.1737 24720 0.1159
grass931 -0.0552 0.2387 0.0536 0.8170
grass932 0.1912 0.1279 22343 0.1350
grass941 -0.0830 0.1630 0.25%4 0.6105
grass942 0.0241 0.1331 0.0328 0.8563
grass951 -0.2415 0.2302 1.1005 0.2942
grass952 0.0220 0.1820 0.0146 0.9038
grass961 0.0576 0.1329 0.1881 0.6645
grass962 -0.1104 0.1597 04778 04894
slope921 0.0077 0.0080 0.9304 0.3348
slope922 0.0153 0.0071 4.6517 0.0310*
slope93l -0.0191 0.0113 2.8376 0.0921 **
slope932 0.0039 0.0068 0.3320 0.5645
slope941 -0.0123 0.0093 17379 0.1874
slope942 -0.0045 0.0072 0.3899 0.5324
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Table 24 (cont’d): OLSregression resultsof complex model using 190m neighbor hood.
Dependent variableisthenatural log of price, In_P.

Variable Egimate Asymp Std Err  Chi Square  p > Chi Square
slope9s1 0.0031 0.0148 0.0427 0.8363
slope952 -0.0039 0.0074 0.2803 0.5965
slope96l 0.0062 0.0073 0.7267 0.3940
slope962 -0.0201 0.0087 53511 0.0207 *
veg_slope921 0.0022 0.0138 0.0249 0.8747
veg_slope922 -0.0040 0.0110 0.1308 0.7176
veg_slope931l 0.0171 0.0169 1.0319 0.3097
veg_sloped32 0.0015 0.0109 0.0197 0.8834
veg_slope941 0.0212 0.0125 2.8976 0.0887 **
veg_slope942 0.0146 0.0104 19714 0.1603
veg_slopeds1 0.0062 0.0193 0.1027 0.7487
veg_slope952 -0.0021 0.0136 0.0233 0.8786
veg_slope961 -0.0041 0.0126 0.1046 0.7464
veg_slope962 0.0217 0.0123 3.045 0.0786**

note: * denotes significance at 5%, ** denotes significance at 10%

n=4,720
R = .6204

adjusted R? = 6124
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Table25: OLSregression resultsof complex model using 510m neighbor hood.
Dependent variableisthe natural log of price, In_P.

Variable Egimate Asymp SIdErr  Chi Square p > Chi Square
Intercept 6.7258 0.312Z 463.9732 0.0000*
In_acres 0.0729 0.0111 43.1403 0.0000*
In_sq ft 04914 0.0187 690.8958 0.0000*
In_age -0.0602 0.0045 178.4425 0.0000*
oth_struct 0.1630 0.052z 9.7605 0.0018*
att_gar 0.1286 0.012C 114.8798 0.0000*
det_gar 0.0830 0.0134 38.3525 0.0000*
deck_porch 0.1057 0.011t 85.1170 0.0000*
patio_carport 0.0528 0.010¢ 24.6194 0.0000*
unfin_bsmnt 0.0682 0.010¢ 39.1706 0.0000*
fin_bsmnt 0.1897 0.0114 2775238 0.0000*
hot_tub 0.0675 0.049: 1.8733 01711
fireplace 0.0983 0.010€ 85.2131 0.0000*
water front 0.7733 0.057z 182.1069 0.0000*
prim_mobile -0.5049 0.032 241.8733 0.0000*
perc_white 0.0004 0.001¢ 0.0420 0.8376
In_med_inc 0.1196 0.0324 135931 0.0002*
road 0.0051 0.004¢ 1.1389 0.2859
sd922 0.1187 0.0721 2.7107 0.0997**
sd931 0.2483 0.0704 124338 0.0004*
sd932 0.2113 0.0662 10.1600 0.0014*
sd941 03171 0.0647 24.0306 0.0000*
sd942 0.3434 0.099%€ 11.8831 0.0006*
sd951 0.1156 0.1147 1.0157 0.3135
sd952 0.2655 0.093¢ 8.0454 0.0046*
sd961 0.2369 0.100€ 5.5393 0.0186*
sd962 04708 0.081: 33.4984 0.0000*
roof921 -0.1257 0.0424 8.7726 0.0031*
roof922 -0.1113 0.039¢ 7.8334 0.0051*
roof931 -0.1942 0.038¢ 24.9537 0.0000*
roof932 -0.0902 0.0372 5.8512 0.0156*
roofo41 -0.1345 0.0322 17.4899 0.0000*
roof942 -0.0911 0.038¢ 5.5555 0.0184*
roof951 -0.0946 0.043¢ 4.7655 0.0290*
roof952 -0.0298 0.034€ 0.7424 0.3889
roof961 0.0235 0.050€ 0.2152 0.6427
roof962 -0.1537 0.026¢5 33.5545 0.0000*
nat_for_dist -0.0122 0.0047 6.6579 0.0099*
nat_for_dist942 -0.0022 0.008¢ 0.0639 0.8005
nat_for_dist951 0.0099 0.013z 0.5583 0.4549
nat_for_dist952 0.0078 0.0101 0.5892 0.4427
nat_for_dist961 0.0274 0.0091 8.9853 0.0027*
nat_for_dist962 0.0148 0.0092 2.6068 0.1064
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Table 25 (cont’d): OL Sregression resultsof complex model using 510m neighbor hood.
Dependent variableisthenatural log of price, In_P.

Variable Egimate Asymp SIdErr  Chi Square p>Chi Square

fire dist -0.0045 0.0012 12.7056 0.0004*
fire_dist942 -0.0011 0.002¢ 0.1773 0.6737
fire_dist951 0.0070 0.003¢ 3.7491 0.0528* *
fire_dist952 0.0004 0.002¢ 0.0157 0.9003
fire_dist961 -0.0056 0.0027 4.3999 0.0359*
fire_dist962 -0.0045 0.0024 3.6099 0.0574**
egreen921 -0.1024 01334 0.5888 0.4429
egreen922 -0.0844 0.147C 0.3295 0.5659
egreen931 -0.2282 0.1831 15521 0.2128
egreen932 -0.0698 0.1077 04198 05170
egreen941 -0.2165 0.181¢ 1.4163 0.2340
egreen942 -0.2271 0.153¢ 21879 0.1391
egreen951 0.0302 0.1532 0.0388 0.8439
egreen952 0.1563 0.1477 11193 0.2001
egreen961 0.0419 0.15+4 0.0728 0.7873
egreen962 0.0364 0.1347 0.0732 0.7867
shrub921 0.0535 0.1862 0.0825 0.7740
shrub922 -0.0556 0.168¢ 0.1084 0.7420
shrub931 0.3536 0.150¢ 54952 0.0191*
shrub932 -0.0674 0.1174 0.3299 0.5657
shrub941 -0.2053 0.166¢ 15142 0.2185
shrub942 -0.1374 0.144z 0.9085 0.3405
shrub951 -0.0203 0.219¢ 0.0085 0.9264
shrub952 0.0607 0.1844 0.1084 0.7419
shrub961 -0.0852 0.148C 0.3319 0.5646
shrub962 0.1524 0.1472 10714 0.3006
grass921 01234 0.285¢2 0.1871 0.6654
grass922 -0.2601 0.252Z 1.0642 0.3023
grass931 -0.2731 0.313¢ 0.7568 0.3843
grass932 0.3235 0.1901 2.8949 0.0889**
grass941 0.1513 0.208¢ 0.5246 0.4689
grass942 -0.1082 0.1844 0.3441 0.5574
grass951 -0.0053 0.299¢ 0.0003 0.9859
grass952 0.1366 0.215¢ 0.4006 0.5268
grass961 -0.1180 0.223C 0.2798 0.5969
grass962 -0.0309 0.2244 0.0189 0.8906
slope921 -0.0009 0.010¢ 0.0075 0.9310
slope922 0.0006 0.011F 0.0031 0.9559
slope931 -0.0217 0.0127 2.9290 0.0870* *
slope932 0.0011 0.008¢ 0.0157 0.9002
slope941 -0.0103 0.0112 08173 0.3660
slope942 -0.0108 0.009z 1.3960 0.2374
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Table 25 (cont’d): OLSregression resultsof complex model using 510m neighbor hood.

Dependent variableisthenatural log of price, In_P.

Variable Egimate Asymp SIdErr  Chi Square p > Chi Square
slope951 0.0144 0.0127 1.2986 0.2545
slope952 -0.0044 0.0082 0.2939 0.5877
slope96l 0.0054 0.007¢ 04573 0.4989
slope962 -0.0150 0.0071 45093 0.0337*
veg_slope921 0.0062 0.013¢ 0.1965 0.6576
veg_slope922 -0.0023 0.013¢ 0.0272 0.8690
veg_slope931l 0.0192 0.0201 09132 0.3393
veg_slope932 -0.0053 0.013¢ 0.1518 0.6968
veg_sloped4l 0.0124 0.014¢ 0.6919 0.4055
veg_slope942 0.0221 0.0132 27779 0.0956* *
veg_slopeds1 -0.0180 0.0172 1.0950 0.2954
veg_slope952 -0.0073 0.013¢ 0.2781 0.5979
veg_slope961 0.0004 0.011¢€ 0.0010 0.9746
veg_slope962 0.0089 0.010¢ 0.7402 0.3896

note: * denotes significance at 5%, ** denotes significance at 10%
n=4,720

R = 6185
adjusted R? = 6104
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