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ABSTRACT

QUANTIFYING THE ECONOMIC HEALTH COST OF EXPOSURE TO WILDRE
SMOKE: FOUR ESSAYS IN NON-MARKET VALUATION, METHODOLOGIAL
COMAPARISONS, AND ECONOMETRIC METHODS TO ADDRESS

ENDOGENEITY

Wildfires and their proximity to urban areas have become more frequéefayye
economic studies have looked closely at the welfare implications exposure teewildf
smoke has on affected individuals. Further, there is a growing concern that human healt
impacts resulting from this exposure are ignored in estimates of the reohééimages
from a given wildfire. Current research highlights the need for bettercddiection and
analysis of these impacts.

Using unique primary data, this dissertation quantifies the economic healtf cost
exposure to wildfire smoke using non-market valuation techniques including the
contingent valuation and defensive behavior methods. The individual willingness to pay
for a reduction in symptom days as well as perceived pollution levels are mpobatiél
compared to a simple cost of illness estimate. Results indicate tharesagnts
surveyed did not seek medical attention for major health effects, but ratteeedudfom

minor health impacts whose cost is not captured in a cost of illness estimateeAst,



expenditures on defensive activities and the disutility associated with symptahost

leisure are found to be substantial for the case of wildfire smoke exposure.
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CHAPTER ONE

Introduction

The occurrence of wildfires represents both a tragic natural disastest t
negatively affected as well as a nhecessary ecological processsubieims healthy
forest growth and habitat vitality. U.S. federal fire policy, which for mofcthe 26"
century focused on suppressing all fires on national forests to protect nearby
communities, has shifted to a new focus of balancing fire suppression with fire
management and prevention practices. The updated Federal Wildland Fire iMantige
Policy of 2001 recommends that federal fire management activities provide safely,
protect land management objectives and human welfare, integrate programsjamphas
the natural ecological role of fire, and contribute to ecosystem sustain@Wiit¢ G,

2001).

Increased fire management practices such as prescribed fire, iorestg, and
community awareness and education can improve forest health and decreia&eothe r
wildfire to surrounding communities. As populations expand and individuals move closer
to the forest fringe, there will undoubtedly be a push for better state andlfieder
management and prevention practices. However, implementation is often coddisaine
funding and determining the appropriate amount of investment into these programs is a

challenge.



As pointed out by Abt et al. (2008), while federal wildfire policy is often
scrutinized, there is very little literature quantifying the economitsa®d benefits
resulting from wildfire, making accurate evaluation of wildfire prograxtsemely
difficult. One of the nine guiding principles of the updated 2001 Policy is that “fire
management programs and activities are economically viable, based upon vatues to b
protected, costs, and land and resource management objectives” (NWCG, 2001).
However, Butry et al. (2001) explain that there is no organization in the United State
which attempts to quantify these complete economic impacts for a givemreavildf

There is a growing literature citing the need to incorporate critigaghcts other
than suppression costs and loss of property in damage assessments of a dfiven wil
one of which is the cost of damages to human health from exposure to wildfire smoke
(Abt et al., 2008; Butry et al., 2001; Dale, 2009; Zybach et al., 2009). Kochi et al. (2010)
conducted an extensive review of the literature on the economic cost of healthglamage
from wildfire smoke exposure and concluded that while this cost should be considered in
wildfire management policy, the available research is scarce and intcemple

While a number of studies have attempted to quantify the economic cost of the
health effects of wildfire smoke exposure from wildfires throughout thedwbidn,
1999; Ruitenbeek, 1999; Shahwahid and Othman, 1999; Butry et al., 2001; Cardoso de
Mendonca et al., 2004; Rittmaster et al., 2006; Martin et al., 2007), they have heavily
relied on a cost of illness (COIl) approach to monetize these damageshasfiocben
found to largely underestimate the true economic cost of health damages from exposure
to a pollutant. As explained by Freeman (2003), a pollutant that affects humtn heal

impacts well-being in four ways: incurred medical expenses and lost vedgesdferred
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to as mitigating activities), expenditures on averting activitiesrtao avoid the health
effects, and the disutility associated with symptoms or lost leisure. Thefalhsess
approach ignores these last two components.

If accurate evaluations of fire management programs are to be made, the
theoretically correct measure of the cost of damages to human health from exposur
wildfire smoke should be monetized. This value is the individual willingness to pay
(WTP) to avoid this damage, which can be calculated using two common approaches in
the field of non-market valuation, the contingent valuation method (CVM) and the
defensive behavior method (DBM), also referred to as the averting behathaydnit
should be noted that a few of the above studies did adjust their cost of iliness estimate
using an assumed WTP: COI ratio, but this ratio has never been calculdatesl for
specific case of wildfire smoke as no studies have attempted to quantifylihgness
to pay to avoid this damage. Figure 1.1 visually shows the components that comprise the

willingness to pay to avoid the health damages associated with exposure to atpolluta

" Costoflliness (i.e. ™.
expenditures on i
mitigating )
h activities) o
- -
- -

WTP

Expenditureson | (Coptlngent
' AvertingActivities | | Valuation Method
R 4 or Defensive )
' - % Behavior Method) ./
= ’

Disutility
Associated with
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s Leisure/Recreation._/'
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FIGURE 1.1
Components of Willingness to Pay to Avoid Health Damages
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Branches of the U.S. EPA such as the National Center for Environmental
Economics are responsible for analyzing the economic impacts, i.e. modisreaefits, of
environmental regulations and policies. They recognize the inadequaciesraf ogly
cost of iliness estimates but explain that they continue to be used by the EPAIgue to t
fact that many health effects are simply not studied from the willingogsasyt
perspective (U.S. EPA, NCEE).

This study applies both the contingent valuation and the defensive behavior
method to calculate the willingness to pay for a reduction in symptom days andgxrcei
pollution levels from wildfire smoke for the first time to our knowledge. Theoryuslls
that the cost of illness will provide a lower bound to this value, and here we attempt to
quantify this discrepancy for the specific case of wildfire smoke. By comguatsurvey
of residents impacted by smoke during the largest wildfire in Los Angadenties’
modern history, we look at the health effects experienced as a direcbfesyppsure to
the wildfire smoke and all of the associated costs of this exposure. We quantify
expenditures on medical care and the opportunity cost of time spent in obtaining it. The
defensive actions individuals took to minimize their exposure to the smoke and the
associated investments of time and money made are given considerableratitenti
determine whether the defensive behavior method is an appropriate application to
wildfire smoke exposure. By comparing willingness to pay values with cdsteds
estimates and expenditures on defensive activities, the value of the diagibtyiated
with this exposure is quantified. In addition, we statistically comparengiigss to pay
estimates across both stated and revealed preference approaches, widel prtest of

convergent validity. Finally, we explore econometric models to address emityga a

4



nonlinear framework, a common challenge to implementing the defensive behavior

method.
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CHAPTER TWO

The Hidden Cost of Wildfires: Health Effects and Associated Costsdm
California’s Station Fire of 2009

[. INTRODUCTION

As wildfire seasons increase in intensity and length in many parts of thermvest
United States, it is becoming increasingly important to include the full costdbirev
damages in any evaluation of future fire management policies. Nowhere dassuéis
seem more relevant than California, a state that has seen over three nmiéigafars
land burned by wildfires since 2007 (CalFire). Increased levels of firegaarent and
prevention practices are often proposed in California as a way to mitigate asses |
from wildfires. These practices include vegetation management actsdbsas
prescribed fire and forest thinning, community awareness and education, tlenareat
local and community Fire Safe Councils, and participation in the national Fife\Bie
program. Although these practices may help to prevent losses from futureesilttieir
implementation is often constrained by funding.

In determining whether increased funds for these practices areepligtiblicy
makers need to be able to accurately evaluate the tradeoffs being madusthg
economic analyses. At the federal level, The Federal Wildland Fire ManagBoiey
of 1995 stresses the need to address economic efficiency of fire managemafdramd i
the public of the economic benefits of fuel treatment projects and the risks &sbocia

with not undertaking them (USDI-USDA, 1995). One of the nine guiding principles of
8



the updated 2001 Policy is that “fire management programs and activities are
economically viable, based upon values to be protected, costs, and land and resource
management objectives” (NWCG, 2001). At the state level, California’s 204§t

Fire Plan calls for the use of economically efficient fuels treatmejgis such as
prescribed fire and forest thinning.

However, the only way for policy makers to accurately evaluate fire maneae
actions on an economic efficiency based criterion is to be fully avidine @economic
benefits of each management action, which includes the economic costs egdsuitiat
not taking the management action. While suppression costs and insured damages to
homeowners are often reported as the main economic costs of wildfires, there is a
growing concern that this represents a very incomplete measure of thetbest of
damages from wildfires (Butry et al., 2001; Morton et al., 2003; Dale, 2009; Zybach et
al., 2009). One of the main issues is that human health impacts from wildfire smoke are
typically ignored in estimates of monetized damages.

Human health effects from wildfire smoke exposure have been talked about for
decades but rarely quantified. Back in 1979 Gorte and Gorte in a USDA Foraseé Ser
technical report explained that economic justification of fire management etyesdi
have been called for since the 1920’s. They outline economic guidelines foridetgrm
how much should be spent to protect forests from fire and explain that the economically
optimal level of funding for fire management based on a least-cost-plus-ldssdnaee

those that minimize the sum of wildfire suppression costs, presuppression costs, and



resource losses, which includes damages to human h&algmty-two years later, Butry
et al. (2001) explained that while this criterion outlined by Gorte and Gorte (1979)
requires systematic calculations of the associated costs, lossesrandfgagiven
wildfire, there is no organization in the United States which attempts to quanséy the
complete economic impacts.

More recently, Abt et al. (2008) suggested immediate improvements in data
collection to be used in economic impact assessments for U.S. Forest Service wildf
programs. They call for more research to achieve consistent estimathenvairiious
resource losses associated with wildfires, including human health impactsuthibes
cited two studies which have attempted to quantify the economic cost of the health
impacts of wildfire smoke, Butry et al. (2001) and Rittmaster et al. (2@868)concluded
that further research needs to be done to allow estimation of health impactsittbra w
program activities. Kochi et al. (2010) conducted an extensive review of the lgeoatur
the economic cost of health damages from wildfire smoke exposure and concluded that
while this cost should be considered in wildfire management policy, the available
research is scarce and incomplete.

This study seeks to address this gap in the literature by outlining an empirica
method to quantify the economic cost of health effects associated with wslohitlee
exposure which can be utilized in damage assessments of future wildfiresefthal is
demonstrated with a case study that quantifies the cost of health damagespiosare
to wildfire smoke from California’s Station Fire of 2009. The remainder of thgerpga

organized as follows: Section Il presents the methods that can be adapted ttedhleula

! Now referred to as the least-cost-plus-net-vahe&nge method to recognize the fact that wildfirs c
also provide significant benefits.
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economic cost of human health damages from exposure to wildfire smoke; Skkction |
outlines the specific application of these methods to California’s StationfR2@09,
including a description of the study area, an explanation of the primary datetedifor
the study, pollution levels and descriptive statistics of the sample; Sectmesgnts an
econometric approach to the analysis; Section V reports results of the grisdgdion

VI outlines implications of this analysis.

II. METHODS FOR QUANTIFYING THE ECONOMIC COST OF
HEALTH DAMAGES

The majority of studies that have attempted to quantify the cost of damages to
human health from exposure to wildfire smoke have been limited to a cost of illness
(COI) or damage function approach. The cost of illness approach sums resource and
opportunity costs of being sick to arrive at a final cost of illness from expasare t
pollutant. These costs include individual’'s expenditures on medical care andtioedjca
the opportunity cost of time spent in obtaining medical care, and lost wages from not
being able to work. The damage function approach uses data to estimate how various
levels of a particular pollutant will affect human health outcomes (calledrdspense
functions) and then connects these health outcomes with previously obtained associated
costs to arrive at a final cost of illness.

These two approaches have been applied to several wildfires around the world.
Hon (1999), Shahwahid and Othman (1999) and Ruitenbeek (1999) calculated the
economic cost associated with heath effects from the 1997 haze in Southeast Asia. Hon

(1999) and Shahwahid and Othman (1999) estimated original dose-response functions to

11



obtain predicted health outcomes caused by wildfires in Singapore and Malagsfen
connected these outcomes with country-specific costs of treatment toara\final cost

of illness. Ruitenbeek (1999) applied the estimated dose-response function from
Shahwahid and Othman (1999) to translate the haze density in Indonesia into predicted
health outcomes. The author then used economic costs from World Bank studies to
calculate associated medical costs and the value of lost wages resattirthe wildfires

and haze. Butry et al. (2001) used results obtained from Sorenson et al. (1999) on the
health effects experienced during the 1998 Florida fires (asthma and broraetdtis)
connected these with previously obtained estimates of medical expenditurémnébeest

the total cost of illness from these fires.

However, it has been well understood and documented for many years in the
economics literature that the cost of illness and damage function methods umdéeesti
the economic costs associated with health effects from exposure to a pollitki&, (D
2003; Freeman, 2003), including those contained in wildfire smoke. First, healtls effec
resulting from wildfire smoke may cause disutility to their recipienth siscpain,
discomfort, or a loss of recreation days and this would not be captured in a simple cost of
illness approach. Second, many residents in wildfire-prone areas know of théapotent
risks associated with wildfire smoke and take costly defensive actions ¢otprot
themselves against it. During the 2003 Southern California wildfires, Kunzli (@086)
found that children with asthma were more likely to take preventative actionsas
wearing masks and staying indoors to minimize their exposure to the smoke. Mott et a
(2002) found that during a 1999 wildfire in northern California near the Hoopa Valley

National Indian Reservation, residents took actions such as wearing face masks

12



evacuating, running high-efficiency particulate air cleaners in the homilkowling

public service announcements. Even if they do not know the potential risks, residents in
areas exposed to wildfire smoke are often issued smoke advisory warnings wdnch inf
them of actions they can and should take to avoid health damages. As explained by
Cropper (1981), an improvement in air quality will decrease the preventativesatttat

will be taken, and this cost savings needs to be included when valuing the benefits of
pollution control. In a review of the literature on the economic cost of health damages
from wildfire smoke, Kochi et al. (2010) concluded that a better understanding of
preventative actions taken during wildfires is needed when evaluating tkie fe¢sted

cost of wildfire smoke exposure.

If agencies are evaluating policies on an economic efficiency basedloerjtthe
appropriate measure of the cost of health damages from exposure to wildfire smoke
would be the full economic cost of these damages. The theoretically corestirmef
this cost is the individual willingness to pay (WTP) to avoid this damage becaube it w
include all costs individuals face when exposed to wildfire smoke: medicaldiipes,
lost wages, investments of time or money in taking preventative actions to decreas
exposure, and the disutility associated with symptoms or lost leisure (Freeman, 2003)
The cost of illness and damage function approaches ignore these last two cosmaponent

Only a handful of studies that estimate the economic cost of health effects from
wildfire smoke exposure incorporate WTP values into their estimates.ydowm®ne of
these WTP values were estimated for health damages avoided from veid@ke
specifically. Martin et al. (2007) and Rittmaster et al. (2006) both used dose-response

functions estimated in prior studies and connected estimated health outcomemixith a
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of COl and WTP estimates from prior research to calculate the econashicfdhiealth
damages from a hypothetical prescribed fire in the Kaibab National mekshe 2001
Chisholm Fire in Canada, respectively. Cardoso de Mendonga et al. (2004) estimated an
original dose-response function and calculated the economic cost of health siénmage
fire used by farmers in the Amazon, applying WTP values transferred frara &er
Motta et al. (2000a,b). Finally, the Hon (1999) and Ruitenbeek (1999) studies adjusted
cost of iliness estimates using an assumed WTP: COl ratio of 2:1. This rattakea
from a range of WTP and COI estimates from the Asian Development Bank Workbook
(1996) specifically for asthma symptoms.

To date, there have not been any studies that have estimated the theoretically
correct economic cost of health damages from wildfire smoke using pradata. There
are two common approaches which can be used to calculate this WTP value: the
contingent valuation method and the defensive behavior method. This study will apply
the defensive behavior method to calculate the value of a reduction in health damages
from smoke released by California’s Station Fire of 2009 and compare this tooh cost

illness estimate.

Defensive Behavior Method

The defensive behavior method, also referred to as the averting behawviod nie a
revealed preference approach based on the health production function first outlined by
Grossman (1972) with extensions to the model undertaken by Cropper (1981) and
Harrington and Portney (1987). The framework of the model is based on the ptehise

an individual experiences some health output, such as a number of days spent sick which

14



enters into his utility function, causing disutility. This health output is in turnentted
by various factors, such as pollution levels, the individual’'s overall stock ohhealt
demographic factors, lifestyle factors and finally, defensive actidwes tay the
individual to decrease the chance he experiences a negative health outce@msivBef
actions are broken down into what are referred to as averting and mitigatomg ac
which are somewhat different. The former are actions taken to decreabanice of
being exposed to the pollutant that causes the negative health outcome, suchgs stay
indoors or using an air cleaner in the home. The latter represent actions thegrare ta
after experiencing the health outcome in an effort to mitigate its negdtects, such as
going to the doctor or taking medications. The sum of expenditures on mitigating
activities and lost wages due to iliness represents the cost of illnesdlyypieasured as
the cost of health damages from wildfire smoke exposure.

This model can be used to calculate the individual WTP to avoid a pollutant in
general, or the symptoms that result from exposure to the pollutant. This method and the
theoretical framework underlying it are explained in great detaiicki® (2003) and
Freeman (2003). Here we present a simple one period framework to set tHerstage
empirical analysis. An individual produces some health output according to a health
production function (also referred to as a symptom production function) as follows:

S=S(P,AM,?Z2) (2.1)

This health outpuBis a function ofP which represents exposure to a pollutént,
represents averting activities that can be taken to reduce exposure to tlaapotitime
spent sickM represents mitigating activities that can be taken to reduce thespemt

sick andZ represents a set of exogenous factors that can affect the time spenitchick, s
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as demographics and health status prior to exposure. It can be assumed timag $sck i
increasing in exposure to the pollutant and decreasing in averting and miteyztors.
This information can then be used to calculate the individual marginal value oédeduc
pollution equal to (see Freeman, 2003 for a full derivation):

-pa [(6SEP) I (0SIA)] (2.2a)
or

-pm [(0SIOP) I ©SiEM)] (2.2b)
The price of any averting or mitigating activity multiplied by tharginal rate of
technical substitution between pollution and that averting or mitigatingtgatvi
producing a given number of sick days. The marginal value of reduced time spent sick
equals:

-Pa/ (OSIOA) (2.3a)
or

-pm / (0SIOM) (2.3b)
The marginal willingness to pay for a reduction in time spent sick can hdatattas the
price of any averting or mitigating activity divided by the margingdatfof the use of
that averting or mitigating activity on time spent sick. We will illustradaption of this
model to wildfire smoke emissions by calculating the individual willingnessytdopa
reduction in wildfire smoke induced symptom days. A simple cost of illness estiviiat
be compared to this marginal willingness to pay value to quantify the magnitude of
underestimation. In addition, we will calculate the ratio of WTP: COI to congribut
another ratio to the literature for others that may be able to measure theilboss®but

desire willingness to pay estimates.
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lll. THE STATION FIRE

Study Area

The Station Fire began on Wednesday, August 26, 2009 in the Angeles National
Forest, located adjacent to the Los Angeles, California metropolitan areaildtire
became extremely difficult to contain due to hot weather conditions, thick bruskllas
as rugged and steep terrain faced by firefighters. By the time thenSte¢ was fully
contained on October 16, 2009 it had burned 160,577 acres, killed two firefighters,
injured 22 people, and destroyed 209 structures, 89 of which were homes. While the fire
burned, it threatened 12,000 residences and forced the evacuation of thousands of
residents in surrounding communities from their homes (Inciweb, 2009). During the
Station Fire, a number of surrounding communities faced unhealthy air qaeaéty And
were issued smoke advisory warnings by the South Coast Air Quality Maeaigem
District and the Los Angeles County Department of Public Health. Thesengsirni
advised residents in all areas where smoke could be seen or smelled to avoid uiynecessa
outdoor activities, keep windows and doors closed and run the air conditioner. Sensitive
populations such as those with heart or lung disease, the elderly and children were
advised to stay indoors. The Station Fire provides a unique natural experiment te analyz
health effects and defensive actions taken in response to the wildfire smoke for tw
reasons. First, it was the largest wildfire in Los Angeles County’s mdustory.
Second, it occurred near one of the largest metropolitan areas in the United State
Wildfires rarely affect large urban populations given that they tygicaitur in rural
areas (Vedal, 2006). Figure 2.1 is a NASA image of the location of the widfio&e

taken mid-morning on August 30, 2009.
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FIGURE 2.1
Smoke from the Station Fire

Image Credit: NASA/GSFC/LaRC/JPL, MISR Team

Data Collection

To gather data to implement this study, a survey was initially creatbe
summer of 2009 and focus groups were held in Anaheim, California during the same
summer to pretest the survey. The survey was also reviewed by expertBaidtbe
health economics. Approximately six weeks after the Station Fire beganrey was
mailed to a random sample of one thousand residents in five cities in the \otithgy
Station Fire. These cities included Duarte, Monrovia, Sierra Madre, iBudral
Glendora, California. They were chosen based on having had a smoke advisory warning
issued and the availability of air quality monitoring data to confirm that tles evere
indeed impacted by the wildfire smoke (air quality monitoring station®eated within
the cities of Burbank and Glendora, while the others have stations close by).iéhe cit
were also far enough away from the fire that it was unlikely residemtses were
damaged or destroyed, allowing survey respondents to focus on the health reffiects f

the wildfire smoke rather than the damages from the fire itself. Residetatct
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information was obtained through Survey Sampling International. The first rounailof m
surveys included a cover letter explaining the purpose of the survey as wél sl
attached to the front. A reminder postcard was then sent to all non-respondentsifollowe
by a second round of survey mailing.

Three hundred individuals who had not yet responded to either of these first two
mailings were split into three groups of one hundred. The first group receilied a
survey by regular mail, the second group received a third survey by priaiityamd the
final group received a third survey by regular mail in an envelope which also included
one Ghirardelli Squares chocolate. Given the high cost of survey implementation, this
was done as a means to test whether spending more money on incentives for survey
respondents is worth the increased response rate. For the group thatirdeesigvey
by regular mail, each survey cost $4.04 to mail, accounting for the cost of survey
printing, stamps, and envelopes. There was a response rate of 12% from this group.
Taking the total cost of this survey mailing divided by the number of surveys cothplete
and returned, results in a cost per completed survey of $33.67. For the second group
which received the survey by priority mail, each survey cost $7.30 and there was a
response rate of 19%, resulting in a cost per completed survey of around $38.42. Finally,
mailing the survey with chocolate to the third group cost $4.33 per survey and had a
response rate of 16%, resulting in a cost per completed survey of around $27.06. While
this represents a small sample, it indicates that incentives such as igeyuece of
chocolate in the survey envelope may be more cost-efficient than more expensive

methods such as sending surveys by priority mail.
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Including all three survey mailings, the initial sample size wastlumesand
individuals, forty surveys were not deliverable, and four hundred and fifty-eight etampl
surveys were returned for an overall response rate of 48%. After removingoiet®m
surveys and respondents who were not home during the fire, there remained a total of
four hundred and thirteen usable surveys. The cover letter, survey, and remitchdpos
can all be found in the ‘Survey Instrument’ section at the end of this digserta

To measure the type and severity of health effects experienced ad aegduéicof
exposure to smoke and ash during the Station Fire, respondents were asked a series of
guestions. First, they were asked whether or not they experienced ear, mosator t
symptoms such as cough, sore throat, burning eyes, runny nose, sinus problems, etc.;
breathing problems such as shortness of breath, aggravation of asthma, bronchitis or
emphysema; heart problems such as rapid heartbeat or chest pain; or other symptoms
such as anxiety, nausea, or dizziness. In addition, respondents were asked to report the
total number of days symptoms were experienced as well as the level of paiiereced
from all symptoms on a scale of 1-5.

To measure the mitigating actions respondents took as a direct result of these
reported health effects, respondents were asked whether or not they went taiarphysi
urgent care, emergency room or hospital for symptoms, or took prescribed medications
They were also asked whether or not they took nonprescription medications dravisite
non-traditional healthcare provider as a result of symptoms. Individuals wetkttaske
report any monetary expenditures made on these mitigating actions, as thelkiane
spent in commuting and obtaining any medical care. In addition, individuals were asked

whether or not they missed work or recreation days as a direct result of syanptom
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Averting activities can reduce health effects by decreasing expmostinme
wildfire smoke. These activities include evacuating the area, coveerfgde with a
mask, running the air conditioner more, using an air cleaner in the home, renshasg a
from property, avoiding going to work, staying indoors and avoiding normal outdoor
recreation activities. These activities were chosen based on focus groups,
recommendations from the Centers for Disease Control and Prevention, the
Environmental Protection Agency and the South Coast Air Quality ManagememttDistr
on what to do during a fire to decrease exposure to the smoke, as well as what previous
studies have found in regards to the actions individuals take when exposed to health risks
from wildfire smoke (Mott et al., 2002; Kunzli et al., 2006). Individuals were asked to
report the length of time averting actions were taken as a directoésulposure to
smoke from the Station Fire from a choice of never, 1-5 days, 6-10 days, and 11 or more
days. Respondents were also asked to report their monetary expenditures on thes
activities where appropriate.

In regards to pollution concentrations, given recent findings that subjective,
within-community pollution measures can be quite different from objective, community
wide measures from air quality monitoring stations (Kunzli et al., 20063utvey first
guestioned respondents about whether or not they could smell smoke and/or ash both
inside and outside their home during the fire and the weeks following. If theytedlica
that they could, they were asked to choose from a series of ranges the number of days

they noticed the smell; 1-5 days, 6-10 days, 11-15 days, or more than 15 days.

Finally, respondents were asked a series of questions about exogenous factors

which could affect their production of health or their decision to undertake defensive
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actions during the Station Fire. These include the respondent’s health hifdetylel

factors and demographic information, as well as information obtained and ladlceft

the effects of wildfire smoke on health, as recommended by Dickie (2003) and Freeman
(2003). A description of all study variables and their sample stattsticbe found in

Table 2.1.

TABLE 2.1
Variable Definitions

Variable Coding Mean Std. Dev.  Min Max

Perceived Pollution Levels

Days smoke smelled indoors 0=no days; 3=1-5 day&-18=days; 13=11-15 days; 16=more than 15 days 343 21 4 0 16
Smelled smoke indoors 1-5 days 1=yes, 0=no 0.33 047 0 1
Smelled smoke indoors >5 days 1=yes, 0=no 0.24 0.43 0 1
Days smoke smelled outdoors 0=no days; 3=1-5 day&18 days; 13=11-15 days; 16=more than 15 days 777 491 0 16
Smelled smoke outdoors 1-5 days 1=yes, 0=no 0.33 0.47 0 1
Smelled smoke outdoors > 5 days 1=yes, 0=no 0.62 0.49 0 1
liness Information

Symptom days count 328 6.06 0 45
Level of pain from symptoms scale of 1-5: 1=no painliscomfort; 5=severe pain or discomfort 1.02 1.42 0 5
Ear, nose or throat symptoms 1=yes, 0=no 0.36 0.48 0 1
Breathing symptoms 1=yes, 0=no 0.18 0.39 0 1
Heart symptoms 1=yes, 0=no 0.04 0.20 0 1
Other symptoms 1=yes, 0=no 0.09 0.28 0 1
Mitigating Actions

Doctor/prescription meds. 1=yes, 0=no 0.06 0.24 0 1
Non-prescription meds. 1=yes, 0=no 0.13 0.33 0 1
Non-traditional healthcare provider 1=yes, 0=no 0.01 0.11 0 1
Missed work 1=yes, 0=no 0.04 0.19 0 1
Missed recreation 1=yes, 0=no 0.28 0.45 0 1
Averting Actions

Evacuated 1=yes, 0=no 0.06 0.23 0 1
Wore a face mask 1=yes, 0=no 0.07 0.26 0 1
Home air cleaner 1=yes, 0=no 0.21 041 0 1
Avoided going to work 1=yes, 0=no 0.05 0.21 0 1
Removed ashes from property 1=yes, 0=no 0.57 0.50 0 1
Ran the air conditioner more 1=yes, 0=no 0.60 0.49 0 1
Stayed indoors 1=yes, 0=no 0.73 0.44 0 1
Avoided normal outdoor recreation/exercise 1= yen® 0.78 0.42 0 1
Health History

Current respiratory condition 1=yes, 0=no 0.12 0.32 0 1
Current heart condition 1=yes, 0=no 0.09 0.28 0 1
Bxperienced health effects from wildfire smoke asp  1=yes, 0=no 0.24 0.42 0

Health and Lifestyle

Times per week of exercise 0=0 times/week; 1=1-8gitweek; 2=3-5 times/week; 3=more than 5 times/wk&R 0.92 0 3
Smoker 1=yes, 0=no 0.08 0.28 0 2
Alcoholic drinks per week 0=none; 1=1-7 drinks/we2k8-14 drinks/week; 3=more than 14 drinks/week  0.60 0.73 0 3
Current health is excellent 1=yes, 0=no 0.29 0.45 0 1
Current health is good 1=yes, 0=no 0.55 0.50 0 1
Current health is fair 1=yes, 0=no 0.14 0.35 0 1
Current health is poor 1=yes, 0=no 0.02 0.14 0 1
Hours per week of indoor recreation continuous 2.95 5.89 0 91
Hours per week of outdoor recreation continuous 4.95 711 0 77
Has a regular doctor 1=yes, 0=no 0.89 0.31 0 1
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TABLE 2.1

Variable Definitions, cont.

Variable Coding Mean Std. Dev.  Min Max
Demographics
Male 1=male, O=female 0.60 0.49 0 1
Married 1=yes, 0=no 0.69 0.46 0 1
Age continuous 59.11 15.37 24 94
White 1=yes, 0=no 0.79 041 0 1
Graduate school graduate 1=yes, 0=no 0.20 0.40 0 1
College graduate 1=yes, 0=no 0.62 0.49 0 1
Employed full-time 1=yes, 0=no 0.48 0.50 0 1
Employed part-time 1=yes, 0=no 0.08 0.27 0 1
Not employed 1=yes, 0=no 0.42 0.49 0 1
Has health insurance 1=yes, o=no 0.92 0.27 0 1
Months at current zip code continuous 258.66 184.96 7 816
Number of children under 18 years old in household ontinuous 0.43 0.83 0 4
Lives in Duarte 1=yes, 0=no 0.13 0.34 0 1
Lives in Monrovia 1=yes, 0=no 0.20 0.40 0 1
Lives in Sierra Madre 1=yes, 0=no 0.08 0.26 0 1
Lives in Burbank 1=yes, 0=no 0.19 0.40 0 1
Lives in Glendora 1=yes, 0=no 0.40 0.49 0 1
Income 15= < 19,999; 25=20,000-29,999; 35=30,000-39,99948,000-49,999; 55=50,000-

59,999; 65=60,000-69,999; 75-70,000-79,999; 8568089,999; 95=90,000-99,999;

125=100,000-149,999; 175=150,000-199,999; 200=0:020 83.52 53.50 15 200
Beliefs
Heard or read about possible health effects 1=Qrenp 0.86 0.35 0 1
Believes smoke can affect health 1=yes, 0=no 0.90 0.31 0 1
Believes that averting actions were very or somgéwhal=yes, 0=no
effective at reducing symptoms from smoke 0.46 0.50 0 1

Pollution Levels

While wildfire smoke is made up of a number of pollutants, particulate matter

poses the most serious threat to human health from short-term exposure (Lglsett e

2008). According to the U.S. Environmental Protection Agency, problematic padieles

those that are ten micrometers in diameter and smaller because theasilyaenter the

lungs and cause serious health impacts. Wildfire smoke contains particbbsand2.5

micrometers in diameter and smaller, referred to as PM2.5, as well atepastich are

10 micrometers in diameter and smaller, referred to as PM10 (U.S. EPAuReti

Matter). Exposure to low levels of carbon monoxide (CO) released during a wildfire can

cause fatigue in healthy individuals and more serious health effects suchtasohes

individuals with preexisting heart conditions (U.S. EPA, Indoor Air Quality).
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Data on concentrations of particulate matter and carbon monoxide released during
the Station Fire were taken from the California Environmental Protection pdenc
Resources Board. Of the five cities surveyed for the study, Burbank and Glareltna
only two which have air quality monitoring stations within city limits, while bthers
have stations close by. Data on PM2.5 concentrations during the weeks the wildfire
burned were available for the cities of Burbank and Glendora, while data on PM10
concentrations were available for the city of Glendora only. Data on canryooxide
(CO) were directly available from monitoring stations in Burbank and Glenddrde
there are no monitoring stations in Duarte, Monrovia or Sierra Madre, theretamessta
very close by which reported levels of CO during the weeks the Station Fire buthed. C
concentrations from the Azusa monitoring station were used as a proxy foritevels
Duarte and Monrovia, as the station is located four miles from the former amdesx
from the latter. CO concentrations from the Pasadena monitoring station wetasuse
proxy for levels in Sierra Madre, as these cities are located six and ailbalapart.

Table 2.2 presents six-day averages of daily maximum and daily average
concentrations of PM2.5, PM10 and CO where data were available, as well as the number
and percentage of survey respondents in each surveyed city who smelled smoke both

inside and outside of their home for a given range of days.

TABLE 2.2
Objective and Subjective Pollution Levels during the Station Fire
€O (ppm) PM2.5 (ug/m3) PM10 (ug/m3) Smelled Smoke Inside of Home Smelled Smoke Outside of Home

average  peak | average peak | average  peak
(6-d (6-d (6-d (6d (6-d (6-d
mean) mean) | mean) mean) | mean) mean) None 1-5days 6-10days 11-15days >15days | None 1-5days 6-10days 11-15days >15days

City

Duarte (n=54) 0,68 14 18(33%) 20(37%) 8(15%)  5(9%)  3(6%)  [2(4%)  15(28%) 13(4%) 10(19%) 14(26%)
Monrovia (n=84) 0.68 14 29(35%) 29(35%) 16(19%) 7(3%)  3(4%)  [2(2%)  24(29%) 32(38%) 14(17%) 12(14%)
SierraMadre (n=31) |  0.48 18 16(52) 9(29%)  6(19%) 0(0%)  0(0%)  [3(10%) 9(29%)  11(35%) 3(10%)  5(16%)
Burbank (n=80) 064 157 | 2518 95 37(46%) 24(30%) 15(19%) 3(4%)  1(1%)  [4(s%)  28(35%) 24(30%) 13(16%) 11(14%)

Glendora(n=164) | 065 142 | 4683 12083 | 5382 13312 [75(46%) S6(34%) 21(13%) 8(5%)  4(2%)  [11(7%)  6L(37%) S3(32%) 27(16%) 12(7%)
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During the Station Fire, daily average levels of PM2.5 reached as high as 82.9
ng/m’in Glendora and 38g/m®in Burbank, and exceeded national standards of 35
ng/mefor three days in Glendora and one day in Burbank during the first week the fire
burned. Daily peak one hour concentrations of PM2.5 were as high ag/2®3n
Glendora and 188g/m® in Burbank. Daily average concentrations of PM10 reached 93.8
ng/m®in Glendora and one hour peak concentrations reached 2/ These
elevated levels of particulate matter are very similar to estsmaported for other large
wildfires. During Colorado’s Hayman fire of 2002, Sutherland et al. (2005) reported a 24
hour mean PM2.5 concentration of 6@g{m® during two spike days following the
wildfire. For the same wildfire, Vedal and Dutton (2006) reported 24-hour mean
concentrations of PM2.5 of 44-4&/m>and peak one hour concentrations of 0T,

Wau et al. (2006) estimated PM2.5 concentrations of 7pe@®° during the 2003
Southern California wildfires.

Figure 2.2 shows daily average and daily maximum levels of PM 2.5 and CO in
the cities of Glendora and Burbank during the two weeks following the start of the
Station Fire. Approximately one week after the fire began all five of tles curveyed
for this study were warned that air quality levels would likely reach unhdaltkis by

the South Coast Air Quality Management District.
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FIGURE 2.2
Concentration of PM2.5 and CO in Glendora and Burbank — 8/24-9/9, 2009

Data retrieved from: CA EPA Air Resources Board, @uality Data Query Tool.
http://www.arb.ca.gov/agmis2/agdselect.php

Health Effects

Of the 413 survey respondents, 156 experienced at least one symptom from
exposure to the Station Fire smoke. Of these 156 individuals who experienced symptoms,
the average length of time symptoms lasted was for 8.7 days. The CentasefmeD
Control and Prevention and U.S. Environmental Protection Agency report that
individuals with heart or lung disease are at greater risk for experiereatity leffects
from wildfire smoke. Table 2.3 outlines the number and percentage of all 413 survey

respondents who experienced each type of health symptom, as well as the number and
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percentage of those individuals both with and without a preexisting heart or regpirator

condition who experienced each type of symptom.

TABLE 2.3
Health Symptoms of Survey Respondents
All Respondents (n=413) Preexisting Condition (nF77No Preexisting Condition (n=336)
At least one symptom 156 (38%) 47 (61%) 109 (32%)
Ear, nose or throat symptoms 147 (36%) 43 (56%) 10%j3
Breathing symptoms 76 (18%) 30 (39%) 46 (14%)
Heart symptoms 18 (4%) 7 (9%) 11 (3%)
Other symptoms (anxiety, nausea, etc.) 36 (9%) 19§16 24 (7%)

Averting and Mitigating Actions

The defensive, or averting, behavior method is based on the assumption that
individuals respond to threats of pollution and other environmental contaminants by
taking defensive actions. If this information is to be used to calculatedherae value
of a reduction in an environmental contaminant, a few assumptions underlying the
method should be confirmed in the data. First, individuals need to believe that the
pollutant at hand can affect their health in order for them to choose to invest time and
money in taking actions to defend themselves against exposure. Second, we need to know
if the majority of individuals are actually taking these defensiviersin response to
exposure (Dickie, 2003; Freeman, 2003) and that they believe these actidifecike e
(Freeman, 2003).

Results of the Station Fire survey show that 90% of all survey respondents believe
that exposure to wildfire smoke can affect a person’s health and 89% reported taking
some defensive action as a direct result of exposure to the wildfire smakesef
respondents who took at least one action, 77% thought they were at least adatieeeff

at reducing or eliminating the health effects from exposure, 4% thought theyote
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effective at all, and the rest reported that they did not know the effectivenbss of t

actions taken.

Dickie (2003) summarizes defensive behavior method studies and finds that 15-
98% of survey respondents take defensive actions in response to an environmental
contaminant, with the majority reporting somewhere in the middle. We feel that our
finding of 89% represents a high enough percentage of survey respondents to be able to
accurately apply the defensive behavior method. Table 2.4 outlines the number and
percentage of survey respondents who reported taking each averting or ngitgsitn,
along with the average cost reported by those who took that action. Four respondents
reported averting expenditures well above the mean, so any expenditure fserfotire
respondents greater than 3 standard deviations from the sample mearcodedr®o the
highest value without the outlier. Table 2.4 with these outliers not recoded can be found

in the Appendix, Table 2.A.
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TABLE 2.4
Averting and Mitigating Actions Taken by Respondents and Average Expenditure on
Each (n=413)

Number of Percentage of

Survey Survey Average
Averting Actions Respondents  Respondents  Expenditure
Evacuated 23 5.6% $257.95
Wore a mask 29 7.0% $6.04
Used an air cleaner, filter or humidifier 88 21.3% $26.93
Avoided going to work 19 4.6% $219.4%1
Removed ashes from property 237 57.4% $8.67
Ran air conditioner more than usual 249 60.3% $27.66
Stayed indoors more than usual 302 73.1% N/A
Avoided normal outdoor recreation/exercise 321 77.7% N/A
Mitigating Actions
Obtained medical care/prescription
medications 26 6.3% $77.87
Took non-prescription medicines 52 12.6% $16.86
Went to non-traditional healthcare provider 5 1.2% $33.00
Missed work 15 3.6% $691.76
Lost days of recreation activities 114 27.6% NA

? Lost earnings reported by respondent.

* Respondents were not asked to report this costpfine was calculated as the kilowatt hours pgr da
used in running the air conditioner*the cost péowatt hour*the average number of days respondents
this averting action. According to the CalifornindeEgy Commission, the average California resideasu
27 kilowatt hours to run their central air conditiog for 12 hours/day (assuming the air conditideeun
for 120 days of the year). According to the U.Sefggy Information Administration, residents in Catifiia
in September of 2009 were charged 15.76 centsilpsvatt hour used. Respondents who ran the air
conditioning more as a result of the wildfire smaoéa it for an average of 6.5 days. This results walue
of $27.66.

* Includes the opportunity cost of time spent trangeto and receiving medical care, calculated as th
number of hours spent in these activities*the hourge rate reported by that respondent.
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V. MAXIMUM SIMULATED LIKELIHOOD ESTIMATION OF A HEALTH
PRODUCTION FUNCTION

To calculate the full economic cost of the health effects from exposure to the
smoke from the Station Fire, a health production function such as that outlined in
equation (2.1) is estimated using regression analysis. The number of symptom days
experienced by survey respondents is the dependent variable of interest, demrebse
independent variables that would be expected to influence this. This includes everything
on the right hand side of the health production function, including pollution levels,
averting and mitigating actions, the individual’s health history, lifesgdéofs and
demographic factors.

Previous findings show that averting and mitigating action variables are often
jointly determined with health outcomes and correcting for this endogenaitpastant
for consistent estimation of regression parameters (Joyce et al., 1888nAét al.,

1996; Dickie, 2005). The endogeneity typically arises due to correlation between
unobserved factors that affect both the health outcome as well as the choicermg avert
and mitigating actions (Dickie, 2003). A typical solution to the endogeneity prablem
employ an instrumental variables approach, such as two-stage least dqoaeazer,

given that the dependent variable in our analysis is a count variable (the number of
symptom days experienced) and the potentially endogenous averting and mitigating
action variables are binary (whether or not the action was undertaken), sirofgtage
approaches will not provide consistent estimators (Wooldridge, 2002; Terza et al., 2008;
Staub, 2009). To control for potential endogeneity in this nonlinear framework, we apply

a maximum simulated likelihood estimation model developed by Partha Deb and Pravin
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Trivedi.® Following Deb and Trivedi (2006a,b) the model has the following equations for
the health outcome and the endogenous binary regressor:

PriYi=yi|x, &, ] =f g+ yd + Al;) (2.4)

Pridi=1]zl]=9(z a+dl) (2.5)

For our purposes, in the outcome equation (;4gpresents the total number of
days symptoms from the wildfire smoke were experiencecaegresents a vector of
exogenous variables influencing symptom days, such as objective or perceivedrpolluti
levels, type of symptom experienced, health history, demographics atyldifestors,
with associated parametgtsThese represent the exogenous variables that have been
found to influence an individual’s health outcome (see Dickie, 2003; Freeman, 2003).
Higher actual or perceived pollution levels are expected to result in argreatber of
expected symptom days, all else constant. Individuals with chronic health conditeons
less healthy lifestyle overall are expected to have more symptom tisysntertain
what effect type of symptom experienced and various demographic factorswsilbiha
expected symptom days. The potentially endogenous binary regressor (tiegaared
mitigating actions) is represented dhywith associated parameterThese variables are
expected to have a negative effect on expected symptom days. The error terim in ea
equation is partitioned into a vector of latent factpaad an independently distributed
random error term. The latent factors represent unobserved individualspecifi
characteristics which affect both the choice of averting/mitigattigres as well as the
health outcome. They have associated parameterthe health outcome equation,

referred to as factor loadings.

® We graciously thank Partha Deb for providing asdeshis Stata program treatreg2.
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In equation (2.5), which models the binary endogenous regresspmresents a
vector of exogenous variables which could affect the use of the endogenous averting or
mitigating action variable, with associated parametei$iese could be pollution levels,
type of symptom experienced, health history, demographics, lifestyle factovs|las
beliefs about the effects of wildfire smoke on health. Higher pollution levels peetex
to have a positive effect on the probability of undertaking a given avertingigatimg
activity, as are beliefs that wildfire smoke can affect human healthuticertain what
the effect of other variables will be. Equations (2.4) and (2.5) can contain thesamesc
set of exogenous variables, however, for more robust identification, instrumental
variables which are included in the binary endogenous variable equation but excluded
from the outcome equation can be useghin, the error term is partitioned into latent
factorsl; with associated paramet@érand an independently distributed random error
term.

The observed random outcome variablend the observed endogenous treatment
variabled, are modeled using appropriate distribution functioffier a count variable)
andg (for a binary variable). Following Deb and Trivedi (2006a,b), the joint distabuti
of the health outcome and binary endogenous variable, conditional on common latent
factors, can then be specified as follows:

PriYi=yi,d =1[x,3 ] =f(x'B+ydi+ ) *g (@ a+dl) (2.6)
Although the latent factodgare unknown, it is assumed that their distribution is known
and can be integrated out of the joint density. The method of maximum simulated
likelihood (Gourieroux et al., 1984) is then applied to evaluate the integral. The latent

factors are estimated by taking a certain number of draws of a pseudoaranthber
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from an assumed standard normal distribution. The estimator then maximizesrtgea
simulated log likelihood function, which is equivalent to maximizing the log-likelihood

function if enough simulation draws are used.

V. RESULTS

To calculate the full economic cost of the health effects from exposure to the
smoke from the Station Fire using equation (2.3a) or (2.3b), the researcher needs to
estimate the marginal effect of any averting or mitigating actiorxpaated symptom
days, along with the full cost of this action. Preliminary analyses indicatéHome air
cleaner” is the only endogenous averting or mitigating action variable and yhe onl
variable that has a negative and statistically significant effect ontexiggmptom
days® As a result, this variable is focused on in the maximum simulated likelihood
estimation and used to calculate equation (2.3a). Air cleaners and purifiers are
recommended and often used in the home during wildfires to help reduce indoor particle
levels (Lipsett et al., 2008; U.S. EPA, Indoor Air Quality) and this is the fm the 21%
of survey respondents who used an air cleaner to prevent health damages fronothe Stat
Fire smoke. Results from the maximum simulated likelihood regression model of
symptom days, including only those variables which had a statistically sagnigéfect

on expected symptom days, can be found in Table 2.5.

® A version of the Hausman specification error testsed to test for endogeneity of the averting and
mitigating action variables in the health produetfanction equation. See Hausman, 1976 and Gujarati
2003. Preliminary analysis shows that only threertinvg actions, “Home air cleaner”, “Ran the air
conditioner more”, and “Avoided normal outdoor r=mtion/exercise” could be explained by an approgria
set of instrumental variables, which is a requiiestture to employ this test. These instrumentabies
include “Employed full-time,” “Months at currentizcode,” “Income”, and “Believes smoke can affect
health.”
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TABLE 2.5

Defensive Behavior Model

Variable

Coefficient

Robust Std. Error

SYMPTOM DAYS - Negative Binomial Regression

Smelled smoke indoors > 5 days 0.394*** 0.142
Smelled smoke outdoors > 5 days 0.953*** 0.168
Ear, nose or throat symptoms 3.630*** 0.232
Breathing symptoms 0.789*** 0.183
Other symptoms 0.719%** 0.221
Home air cleaner -0.848*** 0.163
Hours per week of outdoor recreation -0.023* 0.012
Male -0.341** 0.151
Married -0.345** 0.153
Age 0.012** 0.005
College graduate 0.479*** 0.141
Employed part-time 0.625** 0.305
Lives in Duarte 0.539** 0.225
Lives in Burbank 0.460** 0.185
Lives in Glendora 0.406** 0.174
Constant -3.701*** 0.476
HOME AIR CLEANER - Probit Regression

Smell smoke inside > 5 days 0.362 0.259
Smell smoke outside > 5 days 0.336 0.282
Ear, nose or throat symptoms 0.672*** 0.242
Breathing symptoms 0.168 0.265
Other symptoms 1.374*** 0.333
Hours per week of outdoor recreation -0.017 0.021
Male -0.183 0.246
Married 0.437 0.268
Age -0.006 0.010
College graduate 0.375 0.248
Income -0.005** 0.003
Employed full-time 0.560** 0.284
Employed part-time 0.519 0.461
Lives in Duarte -0.220 0.400
Lives in Burbank 0.411 0.307
Lives in Glendora 0.496* 0.272
Believes smoke can affect health 1.426** 0.703
Constant -3.481*** 1.096
/lambda 0.858*** 0.072
/Inalpha -13.657*** 2.491

N = 377

Log Likelihood = -672.066

Wald chi2 (24) = 424.71

Prob > chi2 = 0.0000001

* p<0.10, **; p<0.05, ***: p<0.01
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Expected symptom days were modeled with a negative binomial count data
distribution and the endogenous binary treatment variable, “Home air cleaner,” was
assumed to follow a normal distribution. Two thousand simulation draws were used
based on recommendations from Deb and Trivedi (2006a) and robust standard errors

which take simulation error into account are reported.

Determinants of Expected Symptom Days

The results of the regression model in Table 2.5 show that respondents who
smelled smoke inside or outside the home for greater than five days werékelgrto
experience a greater number of symptom days, holding all other variables tonstan
Similarly, Kunzli et al. (2006) found that the number of days wildfire smoke waltesine
indoors was an important determinant of health effects from the 2003 Southern California
wildfires. We initially included actual pollution levels in the model, howevaerilar to
findings by Kunzli et al. (2006) these were not found to have a significant effect on
expected symptom days. If the respondent experienced ear, nose, or throat symptoms
breathing symptoms, or other symptoms such as nausea or anxiety, this also has a
positive effect on the expected number of symptom days experienced, compaat to he
symptoms. In addition, using an air cleaner has a negative and stayisiigaificant
effect on the expected number of symptom days experienced. This supports previous
findings. Mott et al. (2002) also found that greater use of high-efficiencyeainers in
the home was associated with reduced odds of reporting adverse healthdeffeg a

1999 wildfire.
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Similarly, Mott et al. (2002) found that during a 1999 wildfire in northern
California, greater use of high-efficiency air cleaners in the horseagsociated with
reduced odds of reporting adverse health effects. This beneficial eftesshgfair
cleaners during wildfire events is further supported by a study which took place
throughout Colorado during the 2002 wildfire season by Henderson et al., 2005. The
authors conducted a study on the effectiveness of air cleaners duringewistfd
prescribed burns and found that homes with air cleaners experienced 63-88% less
particulate matter in their home than those without air cleaners. A varibeatih,
lifestyle and demographic factors also have a significant effect exfieeted number of

symptom days.

Determinants of Air Cleaner Use

All variables included in the symptom production function, as well as any
additional explanatory variables which may influence the use of a home airrcleare
included in the probit model for the endogenous averting action variable “Home air
cleaner.” The discussion here will be limited to those variables which hatistcsthy
significant effect on the use of an air cleaner. If the respondent exmetieag nose or
throat symptoms or other symptoms such as nausea or anxiety, this has a pasitive eff
on the probability of using an air cleaner, compared to other types of symptoms. Higher
income levels are associated with a decreased probability of using aeaagrdhn the
home. This runs contrary to previous findings that higher income levels are asbociat
with an increased probability of taking averting actions (Akerman et al., 199t &mi

al., 1995; Abrahams et al., 2000; Um et al., 2002). In addition, individuals who believe
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that smoke can affect a person’s health were more likely to use an air atetreehome
to minimize exposure to the smoke, all else constant.

Finally, the positive and significant coefficient on the latent factarbtia,
suggests that individuals who are more likely to use an air cleaner, based on unobserved
characteristics, are more likely to experience symptom days. This ctiakt seme
predisposition to getting sick. For instance, individuals who are more likely toexpe
symptoms from smoke may realize this, and as a result they may be mgoréolitedde

averting actions, such as using an air cleaner in their home during aewildfir

WTP for a Reduction in One Wildfire Smoke Induced Symptom Day

Given that using a home air cleaner has a negative and statisticalficargni
effect on expected symptom days and an observable cost, this is the averting adtion us
to calculate the individual willingness to pay for a decrease in symptom days fr
wildfire smoke. The incremental effect of this endogenous input on output is -0.31,
meaning the use of an air cleaner is expected to reduce symptom days byakidi
the average of the cost reported by those respondents who used an air cleangraduring
Station Fire and reported a cost (including zero) results in an estimatedf{$2®& 93
for this averting action. From equation (2.3a) the average respondent’s marlieradfva
a reduction in one symptom day from exposure to wildfire smoke is equal to -$26.93/-
0.31 = $86.87. This result falls within the range for avoiding one day of various

symptoms found in the literature. For example, by combining a meta-analysis of

" The discrete change in expected count outcométiresérom a change in binary variable ¥om 0 to 1
can be calculated as:;[}{“=0][exp(*)-1] where p=exp(K), with all variables except®éet at their sample
mean.
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morbidity valuation studies with a health status index, Johnson et al. (1997) estimated
values ranging from $36-$68 to avoid one day of mild cough, $110 to avoid one day of
shortness of breath, and $91-$129 to avoid one day of severe dsthma.

Including the full sample of respondents, an average of 3.3 symptom days were
experienced. For the 38% of respondents who reported experiencing symptoms, an
average of 8.7 symptom days were reported. This marginal value of reducesl iline
includes avoidance of the full cost of medical care and medications, lost wamges fr
being unable to work, expenditures on preventative actions taken to avoid exposure to the

smoke, as well as the disutility associated with symptoms or lost leisure.

Cost of lliness

A simple cost of iliness for one symptom day was calculated using a formooia f
Alberini and Krupnick (2000). First, probit regression models are estimatéalifor
mitigating actions: visiting a doctor or taking prescribed medicatiokisiga
nonprescription medications, missing work, and losing days of recreation activities
each model the dependent variable is coded with a 1 if the action was taken and 0
otherwise. Results of these full regression models can be found in the Appebtx, Ta
2.B. After removing variables that were not significant at standard signde levels, the
models are re-estimated. For each action, the predicted probability thatidhdsac
taken, with independent variables set at their mean and symptom days set at 1, is

multiplied by its average in-sample cost. These are the same avestgeeported in

8 All estimates were converted to 2009 U.S. dolimisg the Consumer Price Index.

° Due to the fact that only five individuals wentamon-traditional healthcare provider, a regressiodel
was not estimated for this mitigating action.
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Table 2.4 except for work days lost, which is adjusted to represent the lost veages f
one work day lost due to illness. Summing costs across all actions results iofa cost
illness for one symptom day of $9.32.

The willingness to pay estimate of $86.87 exceeds this in-sample cost of illness
estimate by a factor of about nine. This ratio is larger than that found an@@wious
studies of health damages which compare the two estimates but smaller tharFother
instance, Rowe and Chestnut (1985) estimated a WTP: COl ratio ranging from 16-3.7 f
asthma symptoms due to ozone exposure. Alberini and Krupnick (2000) estimated a
WTP: COl ratio ranging from 1.61-2.26 for symptoms associated with various tévels
air quality in Taiwan. However, Berger et al. (1987) found much greateratitfes
when comparing willingness to pay and cost of illness estimates for selvehdajth
symptoms. Mean daily willingness to pay values to avoid one day of various symptoms
were always found to exceed daily cost of illness estimates, but thert#eranged
from willingness to pay estimates about three times larger than costeskikstimates to
about thirty times larger, depending on the health symptom.

Our WTP: COl ratio of about nine raises some interesting points as this tio ha
never been calculated for the specific case of health damages fronmensidfbke
exposure. While 156 of the 413 respondents in this study experienced symptoms from
smoke from the Station Fire, only 15 sought medical attention and an additional 11 took
prescription medications. This suggests that overall health effectseletiealy minor
and the majority of individuals who experienced health symptoms did not require medical
attention with a high associated cost. However, our results do show that of those 156

respondents who experienced health symptoms, 110 of them missed recreation days as a
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result of these symptoms. This suggests that the disutility associated mtosys or

lost leisure captured in the WTP estimate but not the COIl estimate may tansabfor
individuals exposed to wildfire smoke. In addition, 366 individuals in our sample took
some preventative, averting action to minimize their exposure to smoke fronatioa St
Fire, and these actions were costly.

The cost of iliness is an underestimate of the economic cost of health gtiects
exposure to a pollutant because it ignores the value of averting expenditurelsaas wel
the disutility associated with symptoms or lost leisure that results firoess (Freeman,
2003). Our results support this finding and indicate that these two components of the

economic cost of health damages from exposure to wildfire smoke are salbstanti

VI. IMPLICATIONS

While there is a growing literature citing the need to incorporate thetost
damages to human health from exposure to wildfire smoke in assessments of thessdamag
caused by wildfires, there is a lack of literature available to polidgersdo assist them
in obtaining these costs. In areas such as California where wildfirpsearadent and
suppression costs are high, policy makers will continue to have to make informed
decisions about the appropriate level of investment in future fire management and
prevention practices. If these practices are to be evaluated on an econizmitcgff
based criterion, it is important to follow past recommendations of Gorte and(Gar®)
as well as Butry et al. (2001) and include more than just suppression costs and insured

losses in damage assessments of wildfires. Any proactive, consistent andhithoroug
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evaluation of fire management policies needs to focus on inclusion of all associated
economic costs and benefits of a given wildfire.

This study used unigue primary data during one of California’s largest walddire
date to explore the health damages experienced during the Station Fire of 2009 along
with all associated economic costs. We confirm that concentrations of paeticudter
and carbon monoxide were elevated in the cities surveyed during the StatiomdFirela
that 38% of survey respondents experienced at least one symptom as a repolsufeex
to the wildfire smoke. The majority of survey respondents indicated that theyvare
that wildfire smoke can be damaging to their health, which is evident given that 89%
made some expenditure of time or money in taking preventative actions to detegase t
exposure to smoke from the Station Fire.

Estimation of a health production function reveals that the number of symptom
days experienced was influenced by factors such as the number of days amhdfke
was smelled outside of the home, demographic factors such as age, sex andtatastal
as well as the use of a home air cleaner. This finding that increased usdedreers in
the home is associated with reduced adverse health effects from wilddike gn
consistent with findings by Mott et al. (2002) and Henderson et al. (2005) and provides
additional support to suggestions by Henderson et al. (2005) that agencies may want to
change recommendations during wildfires by advising individuals to use home air
cleaners to avoid health damages from nearby wildfires rather thatgystg indoors.

In terms of the cost of damages to health from the Station Fire smoke, we
calculate a simple daily cost of illness estimate of $9.32. While policgraakay be

comfortable using methods such as this due to the observable nature of medical
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expenditure data, it is widely understood that this method will underestimatadhe tr
economic cost of damages to human health. Applying the defensive behavior method
reveals that individuals exposed to wildfire smoke during the Station Fire wieng to

pay on average $86.87 to avoid one day of wildfire smoke induced symptoms. The
discrepancy between the cost of illness and willingness to pay estiroafesnc

theoretical predictions that averting expenditures and the disutilityiatessbavith
symptoms or lost leisure account for a large part of the economic cost of headitpedam
from wildfire smoke.

While this is the first study to apply the defensive behavior method to the specific
application of wildfire smoke exposure, we feel that it is a viable option to be used for
calculating the economic cost of health damages from exposure to wildfire smwke
included in damage assessments. Although this method is not flawless and coneerns hav
been raised over issues such as joint production which are beyond the scope of this paper
(see Batrtik, 1988; Bresnahan and Dickie, 1994; Dickie, 2003), the framework provides an
economically consistent approach to calculating a comprehensive esiirttatecost.

This is beneficial for a number of reasons. First, while a handful of studies viakaith
damages from wildfire smoke have attempted to transfer willingness tcfiaates
from other studies or adjust cost of iliness estimates into comprehensivevedistp
pay estimates using assumed ratios, none of the willingness to pay estmates
calibration factors were originally estimated for the health damagesiated with
wildfires specifically. This study calculates both measures aidass a WTP: COI
ratio of nine. These findings reveal that a higher calibration factor mayrb@nte for

the case of wildfire smoke. Second, while time and money constraints maytmake i
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difficult for agencies to collect primary data to undertake the defensive belnaihod
after each wildfire, the more estimates there are available iitdregure, the easier it
will be to accurately apply benefit transfer techniques and include all nélevsts of a

given wildfire in damage assessments.
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APPENDIX

TABLE 2.A
Averting and Mitigating Actions Taken by Respondents and Average Expenditure on

Each with Outliers Included (n=413)

Number of Percentage of

Survey Survey Average
Averting Actions Respondents Respondents Expenditure
Evacuated 23 5.6% $471.59
Wore a mask 29 7.0% $16.04
Used an air cleaner, filter or humidifier 88 21.3% $36.19
Avoided going to work 19 4.6% $390.00
Removed ashes from property 237 57.2% $18.91
Ran air conditioner more than usual 249 60.1% $27.66
Stayed indoors more than usual 302 72.9% N/A
Avoided normal outdoor recreation/exercise 321 77.5% N/A
Mitigating Actions
Obtained medical care/prescription
medications 23 5.6% $77.87
Took non-prescription medicines 51 12.3% $16.86
Went to non-traditional health provider 5 1.2% $33.00
Missed work 14 3.4% $691.76
Lost days of recreation activities 114 27.5% NA
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TABLE 2.B
Determinants of Mitigating Activities (Probif)

Doctor/Prescription Meds. Non-prescription Meds. MissVork Missed Recreation

Variable Coeff. Std. Error Coeff. Std. Error Coeff. Std. Error Goe Std. Error
Days smoke smelled indoors

1-5 DAYS -0.103 0.437 0.457* 0.278 1.229 0.929 0.412* 0.224

6-10 DAYS -0.596 0.575 0.475 0.337 1.775* 0.972 0.544* 0.276

11-15 DAYS 0.958 0.694 -0.157 0.565 .353 1.231 0.701* 0.418

> 15 DAYS (empty) 1.512*  0.592 (empty) -0.109 0.524
Average daily maximum CO concentration -1.155 2.111 -0.515 1.296 0.946 2.081 0.675 0.972
Symptom days 0.136***  0.032 0.064***  0.017 0.041 0.037 0.132***  0.020
Current respiratory condition 0.798* 0.408 -0.404 0.321 -0.861 0.742 0.305 0.283
Current heart condition -0.530 0.854 -0.577 0.512 1.027 1.003 -0.466 0.379
Experienced health effects from wildfire smokeasp  -0.236 0.448 0.757***  0.258 0.684 0.672 0.821**  0.225
Times per week of exercise 0.019 0.234 -0.108 0.148 0.585 0.388 0.246** 0.121
Smoker 0.937 0.648 -1.172 0.888 0.498 0.993 0.550 0.339
Alcoholic drinks per week -0.120 0.317 0.194 0.170 -0.119 0.435 0.157 0.135
Current health is excellent -1.834 1.241 -1.038 0.917 3.671 327.915 -0.037 1.179
Current health is good -1.828 1.202 -1.039 0.887 3.774 327.915 -0.189 1.160
Current health is fair -1.906* 1.149 -0.867 0.869 (omitted) 0.295 1.155
Hours per week of indoor recreation 0.021 0.052 0.020 0.030 -0.322**  0.164 0.011 0.028
Hours per week of outdoor recreation -0.048 0.041 0.018 0.023 0.020 0.055 -0.012 0.020
Has a regular doctor (omitted) 0.033 0.376 -0.557 0.695 0.216 0.325
Male -1.452** 0.512 -0.542**  0.260 -1.619**  0.655 -0.288 0.215
Married 1.208** 0.521 -0.081 0.274 0.673 0.725 0.547** 0.247
Age -0.006 0.016 -0.008 0.010 -0.010 0.026 -0.021**  0.009
White -0.342 0.464 -0.046 0.304 -1.120* 0.665 -0.187 0.263
Graduate school graduate 0.174 0.499 -0.172 0.293 0.567 0.542 0.553**  0.261
College graduate 0.183 0.404 0.264 0.265 1.048 0.803 0.017 0.226
Employed full-time -0.088 0.526 0.301 0.324 1.073 0.739 0.078 0.275
Employed part-time 0.074 0.733 -0.827 0.617 0.332 1.024 0.195 0.389
Has health insurance 0.500 0.773 0.537 0.495 -0.039 0.985 -0.639 0.394
Lives in Duarte -0.264 0.631 -0.415 0.449 (omitted) -0.597* 0.339
Lives in Monrovia 0.033 0.476 0.150 0.301 0.191 0.637 0.372 0.268
Lives in Burbank 0.165 0.483 0.131 0.307 (omitted) -0.125 0.257
Income -0.006 0.005 0.000 0.003 0.000 0.006 -0.002 0.002
Heard or read about possible health effects 0.356 0.625 -0.340 0.312 0.482 0.852 -0.207 0.274
Believes smoke can affect health (omitted) (omitted) (omitted) 0.179 0.411
Constant 1.124 3.477 0.020 2.280 -8.732 327.951 -1.586 1.972
N = 287 339 187 373
Log Likelihood -43.666 -94.202 -27.330 -130.874
LR chi2 82.460 91.690 44.840 190.690
Prob > chi2 0.000001 0.000001 0.022900 0.000001

*: p<0.10, **: p<0.05, ***: p<0.01

19 A two-stage residual inclusion approach is usesothe endogeneity of ‘Symptom days’ in each
mitigating action model. This results in a faildcereject the null hypothesis of exogeneity of trasiable
in each model.
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CHAPTER THREE

A Comparison of Defensive Expenditures and Willingness to Pay for
Wildfire Smoke Reduction: How Different are These Two Methods?

[. INTRODUCTION

As wildfires near urban areas have become more common, the health effects
associated with exposure to wildfire smoke have also become more prevalemidétys
understood that exposure to the pollutants released in wildfire smoke, such asaparticul
matter and carbon monoxide, can be damaging to human health (CDC; U.S. EPA). While
statistics on the number of individuals who seek medical care as a result of exposure
these pollutants are sometimes released, in general, little is known abauit riduegle of
health effects the majority of residents exposed to wildfire smoke erperigunzli et
al., 2006; Vedal, 2006; Morgan, 2010). Likewise, little is known about the costs imposed
on individuals as a result of exposure to wildfire smoke and the associated heatth eff
(Dale, 2009; Kochi et al., 2010). Recent studies such as Pinto-Prades et alp®009)
out the need for attaching monetary values to health effects if proper decekomgm
based on cost-benefit analyses are to be made.

The epidemiological studies which have conducted surveys after wildfire events
to measure acute health effects have found a positive correlation betweer witthke
and a range of health damages (Mott et al., 2002; Kunzli et al., 2006). Further, these
studies found that many individuals exposed to wildfire smoke change their behavior in

an effort to defend themselves against the potential health damages thaésoliliiam
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exposure. When wildfires occur near residences, local air quality reports and public
service announcements will often advise individuals exposed to the smoke to take
particular actions to minimize their exposure, such as staying indoors and rumanaig t
conditioner. During the 2003 Southern California wildfires, Kunzli et al. (2006) found
that children with asthma were more likely to take preventative actions suataang
masks and staying indoors to minimize their exposure to the smoke. Mott et al. (2002)
found that during a 1999 wildfire in northern California near the Hoopa Valley National
Indian Reservation, residents took actions such as wearing face masks,iegacuat
running high-efficiency particulate air cleaners in the home and follopudjc service
announcements which advised them to take these actions.

While these epidemiological studies confirm that individuals experience minor
health effects from exposure to wildfire smoke and many individuals chagige th
behavior to defend themselves from these damages, there is a lack of ecorneamitires
on the cost imposed on individuals as a result of this exposure. The majority of the
literature which has attempted to capture the economic cost of health daroages f
wildfire smoke has relied on secondary data and benefit transfer methods bas&d on |
levels of long-term exposure to urban air pollution. The few studies which have used
primary data to calculate these costs have ignored behavioral responseéir® smioke
exposure as well as the disutility associated with health effects oeikstd. Neidell
(2004) notes that while numerous studies attempt to capture the effects of pollution on
health, many neglect to properly account for these behavioral responses. Thmatiofor

is important not only from a human welfare standpoint, but also plays a role in public
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policy debates about the appropriate level of fire management pradtieeslte effects
of wildfires on exposed individuals.

Economic theory and non-market valuation techniques highlight the importance
of incorporating into the individual utility maximization process the behaviesglanses
to and disutility of exposure to an environmental contaminant. Information on the
investments of time and money made on defensive actions can be used to infer the true
economic cost of pollution from wildfire smoke, or equivalently, the value an individual
places on reductions in pollution, i.e., the individual willingness to pay (WTP). Neidell
(2004) rightfully argues that the cost of these defensive actions individualstiake
exposed to a pollutant cannot be ignored in a welfare analysis. Economic theary tells
that ignoring these behavioral responses and the value of disutility will iregn
underestimate of the true value of a reduction in pollution. However, to our knowledge,
this information has never been collected and analyzed after a major wildfire.

Using primary data from over 400 residents exposed to unhealthy levels of air
quality during California’s Station Fire of 2009, this study looks at 1) the full range of
health effects experienced as a result of exposure to the wildfire smokep2jehsive
actions taken in response to this exposure, as well as the major determinants that
motivates these actions and the expenditures made on these actions; 3) the individual
willingness to pay for a reduction in pollution levels from wildfire smoket 4) the

relationship between expenditures on defensive actions and willingness to pay.
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II. THEORETICAL FRAMEWORK

The fact that individuals can choose to invest in defensive inputs which affect
their production of some health output when exposed to an environmental contaminant is
an underlying assumption of the defensive behavior method, commonly referred to as the
averting behavior method. This is a revealed preference approach to non-market
valuation which combines information about behavioral responses to pollution exposure
with household production theory to infer the value of reducing the risk associated with
exposure to a pollutant. When faced with exposure, it is assumed that individuals will
choose to invest in defensive actions that reduce the health damages they could
experience as long as the benefits of doing so exceed the costs (Dickie, 2003¥h&/hil
defensive behavior method has been applied to a wide range of environmental
contaminants, including but not limited to various air pollutants (Cropper, 1981; Gerking
and Stanley, 1986; Joyce et al., 1989; Dickie, 2005), contaminated water supplies
(Harrington et al., 1989; Um et al., 2002; Dasgupta, 2004); and nuisance pests (Jakus,
1994), to our knowledge it has never been applied to wildfire smoke specifically.

The basic framework underlying the defensive behavior method stems from a
health production function first put forth by Grossman (1972) with extensions made by
Cropper (1981) and Harrington and Portney (1987). Grossman’s original model outlined
an individual's demand for good health as a function of an inherited stock of health
which depreciates over time and choice variables representing investmeritiiaddi
make in their health. Here we present a simple one period model where an individual
chooses his optimal level of health as a function of exogenous factors such as pollution,

health status, lifestyle and demographic factors, as well as choiableariThese choice
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variables include investments of time and money in taking defensive actions te hesluc
exposure to wildfire smoke or minimize the health effects experienced sisltzofe
exposure. Defensive actions are broken down into what are referred to asyeeuauiti
mitigating actions. Averting actions are those taken to decrease expothggulutant
that causes the negative health outcome, such as staying indoors or usirgeamexinn
the home to reduce pollution concentrations. Mitigating actions represent those that ar
taken after experiencing the health outcome in an effort to mitigate itsveegécts,

such as going to the doctor or taking medications. This method and the theoretical
framework underlying it are explained in great detail in Dickie (2003) amenfain

(2003), so here we just summarize. An individual is assumed to maximize his level of
utility, which is given by:

U=U(X,L,S) (3.2)
whereX represents consumption of a composite market dooghresents leisure time,
andSrepresents some negative health outcome. We can assume that utilityasingr
in consumption and leisure and decreasing in sick time. An individual ‘produces’ this
negative health outcon&according to a health production function as follows:

S=S(P,AM,2) (3.2)
whereP represents exposure to a pollutatepresents averting actions that can be
taken to reduce exposure to the pollutant and thus the negative health ollcome,
represents mitigating actions that can be taken to reduce the negatikeoh&aime and
Z represents a set of exogenous factors that can affect the health outcome, such as

demographics and health status prior to exposure. It can be assuntd thateasing
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in exposure to the pollutant and decreasing in averting and mitigating actions. Individual
are also subject to a budget constraint:

l+w[T—L=S (P, A M,2Z)]=X+gA+puM (3.3)
wherel represents non-labor inconverepresents labor income, and the individual is
assumed to allocate his total time available for wiodetween work, leisure ar&l
Averting activities have a price pf mitigating activities a price gy, and the price ok
is normalized to 1. This can be solved as a utility maximization problem baszei
expenditure minimization problem. Focusing on the latter, the individual faces the
following cost minimization problem:

min X + paA + puM

st.S=S (P, A M,Z2) (3.4)

which can be re-written as the Lagrangian:

L=X+psA+puM+A(S*-S (P, A M, 2)) (3.5)
Through first order conditions, we can solve for the values bf and/ that will
produce a given level of sick tin& at a minimum cost. These values will be a function
of pa pv. S, P,andZ. Following Bartik (1988) and Dickie (2003), these functions can be
used to define the defensive expenditure function as follows:

D (pa, pu, S*, P, Z) = pA* + pyM* (3.6)
This function represents the minimum expenditure that must be made on defensive
actions to achieve a given amount of sick time at a specific pollution level aofd set
prices for averting and mitigating actions. Using the envelope theorem néidef, or
willingness to pay for, a small reduction in pollution equals:

o D() /0P (3.7)
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This is the savings in defensive expenditures needed to achieve the original #vel of
given a change in pollution levels. It should be noted that equation (3.7) assunges that
stays constant. However, this may not equal the actual, or observed, changeasivdef
expenditures due to the fact that as individuals adjust their defensive expenditures i
response to a change in pollution, sick days will also likely change. If ithegt case, the
observed change in defensive expenditures provides a lower bound on compensating
variation (see Courant and Porter, 1981; Harrington and Portney, 1987; Bartik, 1988). As
derived in Harrington and Portney (1987), Alberini and Krupnick (2000), Freeman
(2003) and others, the willingness to pay for a small decrease in pollution can be broken
down into four components:

(a) Incurred medical expenses due to health effects from exposure to pollution

(b) Lost wages due to health effects from exposure to pollution

(c) Expenditures on averting actions taken to avoid health effects

(d) The disutility associated with symptoms or lost leisure
Therefore, the willingness to pay for a reduction in pollution levels includes the
individual value of savings on all four of these components. Component (a) represents
mitigating actions taken to alleviate health effects from pollution and comgof@g@rand
(b) together are referred to as the cost of illness (COI) resulting ftpasere to a
pollutant. Component (c) is referred to as averting expenditures. As concluded in
Harrington and Portney (1987), the sum of the cost of illness components and the
expenditures on averting actions will typically underestimate “trueftishof pollution
reduction in that they will include everything except for the value of disutilgg@sted

with symptoms or lost leisure, component (d). In this study, we explore thismstap
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for the specific application of wildfire smoke exposure. First, the coshefksl and
averting expenditures associated with exposure to the smoke will be quantiéeddSe
the willingness to pay for a reduction in pollution levels from the smoke will be negbsur
by applying equation (3.7). While theory tells us willingness to pay will lgetawe
attempt to quantify the magnitude of this difference to capture the value olitgtisut
associated with exposure to wildfire smoke. Since the observed change inveefens
expenditures given a change in pollution levels may provide a lower bound on
compensating variation, this will provide insights into the proportion and magnitude of
the minimum value of the monetary loss associated with the disutility of symptains
lost leisure.
lll. EMPIRICAL APPLICATION: WILDFIRE SMOKE FROM THE STATION
FIRE

California’s Station Fire of 2009 was the focus for this study. Residents in
surrounding communities were exposed to unhealthy concentrations of pollution during
this wildfire and many individuals took defensive actions to minimize their exposur
the wildfire smoke or the health effects that could result. See Chapter 2domdete

description of the study area, survey design, data collection, and sampliestatist

IV. ESTIMATING THE COST OF ILLNESS AND AVERTING EXPENDITUR ES
Econometric Models

Given that the mitigating and averting actions individuals undertake when
exposed to a pollutant are an important component of the defensive behavior method,

probit regression models are estimated to identify the determinants ohgmetting and

58



averting action taken by respondents during the Station Fire and then used toectileula
predicted probability that each action is taken. As explained in Section 2, toeserde
will be a function of prices, the negative health outcome, pollution levels, as va@ly as
other exogenous factors that could influence the decision to undertake thase ddte
reported costs of actions taken could not be included in the regression models given that
anytime the price is greater than zero this variable predicts the out¢amedertaking
the associated action perfectly. The number of symptoms and the level of pain
experienced are included as the measure of the negative health outcome, and both
objective and subjective pollution levels are included. Given high correlation between the
number of days smoke was smelled both inside and outside the home and findings by
Kunzli et al. (2006) that the number of days smoke was smelled indoors was a very
important determinant of health effects experienced and mitigating aal@rsduring
the 2003 Southern California wildfires, we focus on this measure for subjective pollution
levels. Given the relatively small number of individuals who smelled smoke indoors for
more than ten days, respondents were categorized into those smelling smoke ardoors f
1-5 days and those smelling smoke indoors for greater than five days. For objective
pollution levels, since measures of PM10 concentrations were available &ytbe
Glendora only and PM2.5 concentrations were available for the cities of Glendora a
Burbank only, we chose to include six day averages of daily maximum carbon monoxide
concentrations as the measure of objective pollution levels during the Station Fire.
These probit regression models will control for factors that influence an
individual's decision to undertake each mitigating or averting action. Bpgett

independent variables at their mean, the predicted probability that each adlanis t
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can then be calculated. An estimate of the average household’s predicted lbuedof i
and averting expenditures due to wildfire smoke can then be quantified using a simple
formula similar to one presented in Alberini and Krupnick (2000) as follows:

Yalpa * @(x * Ba)] (3.8)
whered represents each possible averting or mitigating agiorepresents the average
in-sample reported cost of taking each action,&mdpresents the predicted probability
that the action is taken, based on all households, with independent variables set at their
mean (based on the standard normal cdf). Recall that for averting actiposdests
were asked to report the range of days that each action was taken. As eheesult, t
sample reported cost of taking each averting action will be averaged basedanygthe
of days the action was taken. Summing across all mitigating actionsagi\estimate of
the predicted cost of illness and summing across all averting actiessagi estimate of

the predicted averting expenditures for the average household during the Station Fir

Results: Regression Models

Table 3.1 presents the results of regression analyses identifying the thator
influence the decision to take four mitigating actions as a direct resyingtems
experienced from exposure to smoke from the Station Fire: visiting a doctorng taki
prescribed medications, taking nonprescription medications, missing work, and losing
days of recreation activitiés.In each regression, the dependent variable is coded with a

1 if the mitigating action was taken and O otherwise.

M Given the very small number of respondents whotwea non-traditional healthcare provider as altes
of symptoms (5 individuals), a model was not estaddor this mitigating activity.
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TABLE 3.1
Determinants of Mitigating Actions (Probit)

Doctor/Prescription Meds. Non-prescription Meds. M sVork Missed Recreation

Variable Coeff. Std. Error Coeff. Std. Error Coeff. Std. Error Goe Std. Error
Days smoke smelled indoors

1-5 DAYS -0.065 0.521 0.342 0.298 418. 1.020 0.319 0.273

>5DAYS -0.957 0.654 0.250 0.346 60T. 1.114 0.292 0.305
Average daily maximum CO concentration -1.290 2.220 79D 1.331 1.786 2.373 1.126 1.110
Number of symptoms 0.773** 0.308 0.341* 0.185 0.765 0.505 0.594***  0.196
Level of pain from symptoms 0.670***  0.227 0.348***  0.129 0.096 0.389 0.580***  0.145
Current respiratory condition 0.806* 0.420 -0.717*  0.341 -1.019 0.849 -0.230 0.343
Current heart condition -0.419 0.679 -0.753 0.522 0.227 .118 -1.017*  0.442
Experienced health effects from wildfire smokeasp -1.266**  0.551 0.423 0.272 0.021 0.862 0.423 0.270
Times per week of exercise -0.261 0.273 -0.152 0.155 550.4 0.429 0.297** 0.149
Smoker 0.875 0.608 -0.984 0.737 0.244 1.225 0.563 0.409
Alcoholic drinks per week -0.047 0.331 0.137 0.172 -6.29 0.578 0.189 0.160
Current health is excellent -1.343 1.168 -1.212 1.051 70Q. 375.690 -0.610 1.345
Current health is good -0.777 1.120 -1.206 1.018 2.433 5.689 -0.768 1.308
Current health is fair -1.192 1.059 -1.209 0.998 (omtjtte -0.115 1.272
Hours per week of indoor recreation -0.052 0.074 ©.00 0.035 -0.449** 0.212 -0.024 0.039
Hours per week of outdoor recreation -0.051 0.045 @®.01 0.025 0.042 0.057 -0.025 0.026
Has a regular doctor (omitted) -0.114 0.402 -0.893 0.792 0.217 0.390
Male -1.404***  0.526 -0.535* 0.274 -1.973%** 0.756 -0.517**  0.261
Married 0.699 0.502 -0.130 0.294 0.900 0.942 0.703** 0.308
Age -0.011 0.017 0.001 0.011 0.003 0.031 -0.025**  0.010
White 0.119 0.497 -0.027 0.318 -1.307 0.830 -0.167 0.316
Graduate school graduate -0.012 0.522 -0.237 0.312 0.668 0.643 0.786** 0.319
College graduate 0.569 0.461 0.317 0.280 0.537 0.831 -0.053 0.279
Employed full-time -0.428 0.579 0.221 0.351 1.465 0.913 .040 0.328
Employed part-time 0.196 0.862 -0.989 0.686 0.427 1.165 3210. 0.472
Has health insurance 1.198 0.772 0.675 0.503 -0.093 1.007 -0.433 0.513
Lives in Duarte 0.050 0.659 -0.423 0.447 (omitted) -0.713* 0.408
Lives in Monrovia -0.414 0.566 -0.050 0.322 -0.364 0.794  .388 0.331
Lives in Burbank -0.164 0.522 0.100 0.327 (omitted) -0.140 0.309
Income -0.004 0.005 0.002 0.003 0.004 0.007 -0.001 0.003
Heard or read about possible health effects 0.047 240.6 -0.377 0.337 1.134 0.877 -0.377 0.324
Believes smoke can affect health (omitted) (omitted) omited) 0.261 0.527
Constant -0.207 3.377 0.048 2.357 -10.046 375.730 -2.076 2.324
N = 339 338 193 372
Log Likelihood -39.694 -88.036 -23.254 -94.263
LR chi2 99.080 103.710 53.910 263.210
Prob > chi2 0.000001 0.000001 0.002300 0.000001

*'p <0.10, **: p < 0.05, **: p<0.01

A few observations from Table 3.1 should be noted. These models show that the
greater the number of symptoms or the higher the level of pain experienced from
symptoms, the more likely it is that the individual went to the doctor or took prescribed

medications, took nonprescription medications, and lost recreation, all else cofsitant
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IS not surprising given that mitigating actions are taken as direct césylinptoms
experienced, so it would be assumed that as the number of symptoms or their severity
increases, so does the probability that mitigating actions are takermidkvariables

that capture an individual’s health history, those respondents who have a chronic
respiratory disease that was present in the last year are more likedif thesdoctor or

take prescribed medications for smoke-related symptoms but less likely twtake
prescription medications. Individuals who have a current heart condition thategent

in the last year are less likely to miss recreation as a result of sysigtoaddition,
individuals who have previous experience with health effects from wildfire smeke ar
less likely to visit the doctor or take prescribed medications for symptoms.

Turning to lifestyle factors, the more an individual exercises per week, tlee mor
likely they are to lose days of recreation as a result of symptoms. An mangas hours
per week spent in indoor recreation activities has a negative and statistigaificant
effect on the likelihood of missing work days due to symptoms. Various demographic
factors such as sex, marital status, age, education level, and locatitso doeiad to
have a significant effect on the decision to undertake certain mitigatingsacsimilar to
Kunzli et al. (2006) we find no clear association between objective, community-wide
pollution concentrations and mitigating activities due to symptoms from weilsifnoke
exposure. This could be due to the lack of variation in this variable, as well as Kunzli et
al.’s (2006) explanation that objective measures do not account for spatiaraiéfe in
smoke dispersion within the community.

Table 3.2 presents the results of regression analyses identifying tirs taet

influence the decision to undertake eight averting actions to reduce exmosoreke
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from the Station Fire: evacuating the area, wearing a face mask, riinaiag

conditioner more in the home, using an air cleaner in the home, removing ashes from
property, avoiding going to work, staying indoors, and avoiding normal outdoor
recreation activities. In each regression, the dependent variable is coldedlwitthe

averting action was taken and O otherwise.

TABLE 3.2
Determinants of Averting Actions (Probit)
Evacuated Wore a face mask Ran air conditioner Useng fadr cleaner

Variable Coeff. Std. Error  Coeff. Std. Error  Coeff. Std. Error  ®e Std. Error
Days smoke smelled indoors

1-5 DAYS 0.847* 0.423 0.398 0.295 0.572** 0.176 -0.003 0.208

>5DAYS 0.389 0.492 0.115 0.364 0.508** 0.214 0.307 0.230
Average daily maximum CO concentration 3.354**  1.472 0.483 1.316 0.138 0.802 -0.088 0.917
Number of symptoms -0.300 0.263 0.558*** 0.194 -0.073 0.165 0.4533*** 0.158
Level of pain from symptoms 0.659*** 0.201 -0.096 0.155 0.232* 0.119 0.000 0.113
Current respiratory condition 0.366 0.444 -0.252 0.373 219 0.269 -0.067 0.258
Current heart condition 1.086** 0.539 -0.313 0.515 0.135 0.293 -0.105 0.322
Experienced health effects from wildfire smokeasp -0.109 0.411 -0.060 0.319 0.402* 0.224 0.113 0.224
Hours per week of indoor recreation 0.058 0.048 -0.0050.032 0.014 0.020 -0.035 0.026
Hours per week of outdoor recreation -0.001 0.032 £.01 0.019 -0.014 0.014 -0.003 0.017
Has a regular doctor -0.532 0.462 0.260 0.428 0.084 0.233 0.329 0.282
Male -0.377 0.373 -0.090 0.274 -0.057 0.178 -0.132 0.195
Married 0.835*  0.450 -0.070 0.287 0.397** 0.188 0.407* 0.223
Age -0.039** 0.017 -0.009 0.013 0.002 0.008 -0.010 0.009
White 0.654 0.446 -0.189 0.318 -0.034 0.198 0.078 0.231
Graduate school graduate 0.381 0.378 -0.251 0.354 0.217 .2100 0.174 0.232
College graduate 0.598 0.443 0.114 0.266 -0.343* 0.174 0.145 0.197
Employed ful-time 0.457 0.501 0.119 0.341 -0.034 0.220 0.556**  0.253
Employed part-time -0.714 0.946 -0.388 0.558 -0.150 0.326  0.397 0.373
Has health insurance -0.718 0.529 -0.291 0.404 -0.055 190.3 0.490 0.348
Months at current zip code 0.001 0.001 0.001 0.001 0.0000.000 0.000 0.001
Number of children under 18 years old in household .27® 0.184 0.125 0.151 0.172* 0.101 -0.063 0.107
Lives in Duarte 0.801 0.573 -0.052 0.407 -0.338 0.258 -0.419 0.305
Lives in Monrovia 0.572 0.456 0.224 0.318 -0.159 0.216 400. 0.262
Lives in Burbank -0.503 0.469 -0.339 0.382 -0.118 0.212 0.042 0.232
Income -0.003 0.004 -0.003 0.003 0.002 0.002 -0.006***  0.002
Heard or read about possible health effects 0.030 030.5 0.352 0.404 0.162 0.217 0.299 0.266
Believes smoke can affect health (omitted) -0.310 ®.42 0.523** 0.257 0.943* 0.504
Constant -7.013*** 2,717 -2.270 2.193 -1.250 1.381 -2.441 1.600
N = 335 369 369 369
Log Likelihood -47.964 -76.304 -202.946 -156.796
LR chi2 61.050 40.570 76.510 79.820
Prob > chi2 0.000 0.059 0.000001 0.000001

*:p<0.10, **: p < 0.05, ***: p < 0.01
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TABLE 3.2
Determinants of Averting Actions (Probit), cont.

Removed ashes

Avoided going to wor

Stayed indoors

Avoided recreation

Variable Coeff. Std. Error  Coeff. Std. Error  Coeff. Std. Error ®bve  Std. Error
Days smoke smelled indoors

1-5 DAYS 0.442*** 0.169 0.618 0.408 0.447** 0.199 0.437** 0.214

>5DAYS 0.634*** (0.203 1.033** 0.457 0.680** 0.269 0.631** 0.292
Average daily maximum CO concentration -1.294 0.805 .93® 1.753 0.770 0.992 1.642 1.255
Number of symptoms 0.200 0.153 -0.144 0.260 0.536* 0.312 -0.021 0.264
Level of pain from symptoms -0.028 0.108 0.132 0.202 90.0 0.174 0.379** 0.189
Current respiratory condition -0.245 0.251 -0.220 0.437 0.189 0.356 0.148 0.392
Current heart condition 0.518* 0.289 0.736 0.506 0.156 0.336 0.909** 0.418
Experienced health effects from wildfire smokeasp 0.036 0.207 0.525 0.408 0.046 0.282 0.147 0.305
Hours per week of indoor recreation -0.030 0.020 0.022 0.034 0.023 0.023 0.003 0.025
Hours per week of outdoor recreation 0.026** 0.013 0.035 0.025 0.011 0.015 0.034** 0.017
Has a regular doctor 0.112 0.231 -0.516 0.433 -0.030 50.27 -0.473 0.318
Male -0.161 0.173 0.044 0.350 -0.378* 0.215 -0.369 0.233
Married -0.134 0.181 0.119 0.397 0.812*** 0.218 0.553** 0.234
Age -0.019*** 0.007 0.009 0.014 -0.018* 0.009 -0.027*** 0.010
White 0.197 0.191 -0.051 0.429 -0.322 0.243 0.047 0.244
Graduate school graduate 0.116 0.201 -0.164 0.398 0.318.2440 0.012 0.254
College graduate -0.061 0.166 0.650* 0.384 -0.184 0.201 -0.103 0.219
Employed ful-time -0.072 0.215 0.099 0.413 -0.321 0.260 0.005 0.277
Employed part-time -0.456 0.306 (omitted) -0.413 0.383 .390 0.397
Has health insurance 0.010 0.300 -0.004 0.530 0.261 0.397 0.522 0.409
Months at current zip code 0.001 0.000 -0.003** 0.001 0.000 0.001 0.000 0.001
Number of children under 18 years old in household 0.032 0.092 -0.330 0.231 0.207 0.128 0.175 0.136
Lives in Duarte 0.050 0.252 (omitted) -0.082 0.301 -0.203 0.307
Lives in Monrovia -0.153 0.209 -0.063 0.403 -0.027 0.252 .058 0.270
Lives in Burbank 0.028 0.206 -0.020 0.447 0.086 0.259 5®.1 0.292
Income -0.002 0.002 -0.002 0.004 0.001 0.002 -0.004* 0.002
Heard or read about possible health effects 0.709*** 0.218 0.518 0.630 0.317 0.249 0.245 0.258
Believes smoke can affect health 0.081 0.251 (omitted) 0.228 0.265 0.723*** 0.269
Constant 2.178 1.373 -1.452 2.951 -0.672 1.713 -1.330 2.054
N = 369 274 369 369
Log Likelihood -217.776 -51.443 -147.685 -128.511
chi2 63.010 29.920 107.690 104.380
Prob > chi2 0.0002 0.227 0.000001 0.000001

*:p<0.10, **: p<0.05, ***: p<0.01

These models show some similarities with respect to the variables found to

influence the demand for averting actions. Perceived pollution levels as nicagtine

number of days smoke is smelled indoors has a positive and significant effect on the

predicted probability that households engaged in all averting activities exeaphgva

face mask and using a home air cleaner, compared to not smelling smoke insidegthe hom

at all. This is similar to previous findings that perceived pollution levels canshave
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positive impact on the decision to take averting actions. Abdalla et al. (1992) and
Abrahams et al. (2000) found that perception of risk from tap water was an important
determinant of averting actions taken in response to contamination. In a sult/&y o
citizens facing arsenic contamination in their drinking water, Jakus €08R) found
that perceived water quality played a large role in the decision to buydbetter.
Objective pollution concentrations of carbon monoxide have a positive and
significant effect on the predicted probability of evacuating during thigo8 Fire. This
is similar to previous findings that the probability of mitigation increasgsactual
pollution concentrations (Akerman et al., 1991; Doyle et al., 1991; Smith et al., 1995).
The greater the number of symptoms experienced, the more likely it is thadithdual
will wear a face mask, use an air cleaner in the home, and stay indoorstimatitk
higher the level of pain experienced, the more likely the individual is to evacuateerun t
air conditioner more, and avoid recreation activities. Similarly, Bezgal. (1987) found
that individuals who experienced various health symptoms in the year prior to being
surveyed were more likely to buy air conditioners and air purifiers fotthesdsons.
Previous literature finds that individuals with preexisting conditions as well as
those who have had prior experience with health damages from the pollutant at hand are
more likely to engage in defensive activities to protect themselves fralth ldamages.
For instance, Kunzli et al. (2006) found that during the 2003 Southern California
wildfires, children with asthma were more likely to take preventative actiacis as
wearing masks and staying indoors to avoid the exposure to the smoke. Simildirg we
that individuals who had a heart disease within the last 12 months are more likely to

engage in averting activities such as evacuating the area impactadksy during the
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fire, removing ashes from their property, as well as avoiding normal outdoeatiear
activities. In addition, individuals who have experienced health effects aslbake
exposure to wildfire smoke in the past are more likely to run their air conditionettanore
avoid health damages from smoke from the Station Fire. Similarly, Bresnahan et a
(1997) found that households who had previously experienced symptoms in smoggy
conditions were more likely to engage in defensive activities when pollutiors hereeé
high.

Variables that capture lifestyle factors were also found to influenagettision to
engage in certain averting activities. For instance, the number of hours an individua
spends in a typical week engaging in outdoor recreation activities is found to have a
positive and statistically significant effect on removing ashes fromepippnd avoiding
normal outdoor recreation activities in an effort to minimize exposure to the $roke
the Station Fire. Finally, various demographic factors such as sex, ratite, age,
education level, income, employment status, and presence of children in the household
are found to have a significant effect on the decision to undertake certain averting
actions.

Individuals who heard or read about the health effects of wildfire smoke from
public service announcements, news articles or local air quality repemsoae likely to
remove ashes from their property and individuals who believe that exposure toewildfir
smoke can affect a person’s health are more likely to run their air conditionerus®re
an air cleaner in their home and avoid normal outdoor recreation activities ag afresul
the smoke from the Station Fire. These results are not surprising given thaatnbor

received, as well as attitudes and beliefs about the health effects otalgapollutant
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have been repeatedly found to significantly impact the decision to take defenisine ac
(Smith and Desvousges, 1986; Abdalla et al., 1992; Abrahams et al., 2000). Variables
such as having a current chronic respiratory disease, race, having health @ysamenc
location do not have a statistically significant effect on the decision to undemntake a

averting action.

Results: Cost of Iliness and Averting Expenditures

The predicted cost of illness and averting expenditures are calculated bygpply
equation (3.8). The predicted probability that each mitigating and averting &ctaken
is calculated from the regression models in Tables 3.1 and 3.2. Each model is re-
estimated including only those independent variables which were found to have a
significant effect on the decision to undertake each activity in order toa¢eic
variance in the predicted cost estimate. Given the small number of respondents who
reported taking certain averting actions for more than ten days, the predatiadifty
of taking each averting action is multiplied by the average in-samplefcasing each
action for 1-5 days and greater than 5 days. Table 3.3 presents results for ttecgredi

cost of illness and Table 3.4 presents results for predicted averting expEnditur

TABLE 3.3
Predicted Cost of lliness
Predicted

Probability Action Average
Mitigating Action is Taken Expenditure | Predicted Expenditure
Obtained medical care/prescription medications @L008 $77.87 $0.65
Took non-prescription medicines 0.0602 $16.86 $1.01
Missed work 0.0140 $691.76 $9.68
Lost days of recreation activities 0.1515 N/A N/A
Average Cost of lllness $11.34
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TABLE 3.4
Predicted Averting Expenditures

Average Expenditure PredicEegbenditure
Predicted
Probability Action

Averting Action is Taken 1-5 days > 5 days 1-5 days > 5 days
Evacuated 0.0136 $204.41 $440.00 $2.78 $5.98
Wore a mask 0.0515 $3.95 $12.00 $0.20 $0.62
Ran air conditioner more than usual 0.6219 $12.78 $34.08 $7.95 $21.19
Used an air cleaner, fiter or humidifier 0.1843 $15.17 $33.48 $2.80 $6.17
Removed ashes from property 0.5871 $6.10 $13.48 $3.58 $7.91
Avoided going to work 0.0407 $177.50 $320.00 $7.22 $13.02
Stayed indoors more than usual 0.8125 N/A N/A N/A N/A
Avoided normal outdoor recreation/exercise 0.8638 N/A N/A N/A N/A
Average Averting Expenditures $24.53 $54.89

A cost of illness estimate for an average household during the Station Fire is
$11.34. This cost measure is conservative in that there is no assumed cost to the
individual of lost days of recreation activities due to symptoms. Averting Besiviost
an average household $24.53 if they are taken for 1-5 days and $54.89 if they are taken
for more than 5 day¥.This expenditure measure is also conservative in that there is no
assumed cost to the individual of staying indoors or avoiding normal outdoor recreation
activities/exercise to reduce exposure to the smoke. The sum of the costssf dhd
averting expenditures account for all aspects of the individual value of a reduaction i
pollution from the Station Fire smoke except for the value of disutility asedanadth

symptoms and lost leisure.

2 Taking a simple in-sample average results in aafifiness estimate of $13.79 for the average
household and a cost of averting activities esenoét$32.96 for the average household. Calculdtinge
in-sample averages may be more appealing to pol@iers than the approach taken here due to the fact
that they do not require any regression analysis.
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V. ESTIMATING THE WILLINGNESS TO PAY FOR A REDUCTION IN
PERCEIVED POLLUTION LEVELS

Econometric Model

Those individuals who took some defensive action in response to the Station Fire
smoke had to make a decision about the intensity of these actions. Defensive
expenditures are the sum of all expenditures the individual makes on both averting and
mitigating actions, and they are often used to proxy this decision about th&tyntd
defensive actions (Abdalla et al., 1992; Um et al., 2002). As shown in equation (3.6),
these expenditures will be a function of anything that averting and mitigatingsaare
a function of, including prices, the negative health outcome, pollution levels, as well as
any exogenous factors that could affect the level of expenditures madesdraygre
analysis is used to model the determinants of these expenditures. Again, the number of
symptoms and the level of pain experienced are included as the measure of ikie negat
health outcome, and both objective and subjective pollution levels are included in the
model. Given that the data on defensive expenditures is censored at $0, a tobit regression
model is estimated to determine the factors that significantly influesfe@sive
expenditures. As shown in equation (3.7) the marginal effect of pollution levels on
defensive expenditures gives an estimate of the individual willingness tomay f
decrease in pollution levels, assuming the negative health outcome stays cdnstant. |
individuals adjust their health outcome, the observed change in defensive expenditures

will provide a lower bound on compensating variation.
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Results: Regression Model

The results of the regression analysis are presented in Table 3.5.

TABLE 3.5
Determinants of Defensive Expenditures (Tobit)
Full Reduced

Variable Coefficient Std. Error Coefficient Std. Error
Days smoke smelled indoors

1-5 DAYS 53.460* 32.308 60.652** 29.743

>5DAYS 99.646*** 37.175 106.002***  33.843
Average daily maximum CO concentration 67.138 140.074
Number of symptoms 12.671 25.491
Level of pain from symptoms 54.745%** 18.465 60.704*** 9.314
Current respiratory condition -73.118* 42.834 -64.094 38.940
Current heart condition 62.820 50.413
BExperienced health effects from wildfire smoke asp 2.117 36.025
Heard or read about possible health effects 68.951* 41.770 46.435 38.195
Believes smoke can affect health 18.300 55.951
Hours per week of indoor recreation 0.574 3.770
Hours per week of outdoor recreation 0.497 2.393
Has a regular doctor 5.889 42.051
Male -26.656 31.614
Married 33.491 34.822
Age -1.566 1.400
White -63.265* 36.670 -50.058 32.024
Graduate school graduate 30.255 37.507
College graduate 16.916 31.241
Income 0.243 0.330
Employed full-time -6.893 39.336
Employed part-time -67.428 59.224
Number of children under 18 years old in household .143 16.895
Months at current zip code 0.034 0.093
Has health insurance 79.953 54.400
Lives in Duarte -122.763** 48.337 -123.302***  41.393
Lives in Monrovia -18.379 38.765
Lives in Burbank -6.790 37.776
Constant -227.183 244576 -70.552 49.300
sigma 223.252***  9.828 224.834***  9.650
N= 333 361
Log Likelihood -1832.037 -1938.756
LR chi2 86.250 76.410
Prob > chi2 0.0000001 0.000001

*'p <0.10, **: p < 0.05, **: p<0.01
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Only those variables which were found to have a statistically significiat ein
defensive expenditures are retained in the reduced version of the model in thamdht-
column. Individuals who smelled smoke inside their home for one to five days orgreate
than five days have higher defensive expenditures than those who did not smell smoke
inside their home during the Station Fire, all else constant. Similarly, aanreste
administered to Korean households by Um et al. (2002) showed that individuals
perceived water quality was a significant determinant of the intenseyp&inditures
made on averting actions to avoid polluted tap water. In addition, from a survey of U.S.
residents, Jakus et al. (2009) found that those individuals who perceived their risk from
drinking tap water to be high had greater expenditures on bottled water than those with
lower perceived risk. Table 3.5 also shows that objective, community-wide eeadur
carbon monoxide do not have a significant effect on defensive expenditures.

The level of pain from symptoms experienced has a positive and statistically
significant effect on defensive expenditures, all else constant. Havaspiaatory
condition that was present in the last year has a negative and sthtisigraficant effect
on defensive expenditures at the 10% level in the full model however, in the reduced
version of the model which includes more data points this variable is no longer
statistically significant. Individuals who heard or read about the healtttetiewildfire
smoke from public service announcements, news articles or local air qualitys repemt
more on defensive expenditures than those who did not in the full model. In addition,
being white has a negative and statistically significant effect on defengremditures in
the full model. However, while both of these variables are statisticallyfisagmti at the

10% level in the full model they are no longer significant at standard signii¢ewnels
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in the reduced model. Finally, living in the city of Duarte has a negative gmélcant

effect on the level of defensive expenditures.

Results: Willingness to Pay

Given that only perceived pollution levels as measured by the number of days
wildfire smoke was smelled inside the home is found to be a significant determinant of
defensive expenditures, we estimate the willingness to pay for a sieangzerceived
pollution levels similar to the approach taken by Um et al. (2002). From Table 3.5,
focusing on the best fit reduced model, defensive expenditures are shown to be $60.65
higher when smoke is smelled indoors for 1-5 days compared to zero days, so this
represents the individual value of, i.e. the willingness to pay for, a reductioroky sm
days from 1-5 to zero. The individual willingness to pay for a reduction in smoky days
from greater than five days to zero is $106.00. This represents a lump-sum widlitmnes
pay given that the wildfire is a one-time event. Recall that if individuailsatheir
negative health outcome in response to a change in pollution levels, this observed value
represents a lower bound on compensating variation.

There are no previous studies which have attempted to capture this value for the
pollutants associated with wildfire smoke specifically, but a few have appbed t
defensive behavior method to value decreases in other air pollutants. Using a health
production function approach, Gerking and Stanley (1986) estimated marginal
willingness to pay for the average employed person to be between $18-24 gder gear
30% reduction in ambient ozone in 1986 dollars. A few years later, Dickie and Gerking

(1991) estimated willingness to pay for a uniform one part per ten million reduction in
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ozone, nitrogen dioxide and carbon monoxide to be $1.20 and $1.22 per person per day

for impaired and normal subsamples, respectively.

VI. COMPARISON OF PREDICTED COST OF ILLNESS AND AVERTING
EXPENDITURES WITH WILLINGNESS TO PAY

The sum of the cost of iliness and averting expenditures include all components of
the willingness to pay for a small decrease in pollution levels except fdrsindity
associated with symptoms or lost leisure. To explore this relationship in the data
presented here, Figure 3.1 presents a comparison of total predicted dosssfahd
averting expenditures from Tables 3.3 and 3.4 with willingness to pay tstifoaa
small decrease in perceived pollution levels from Table 3.5. Recall that averting
expenditures are estimated for a given range of days they are takenyflemdareater
than five days) and similarly, willingness to pay is estimated for a garege of days
that smoke is smelled indoors (1-5 days and greater than five days). The cossefidl
not broken down into a range of days, as respondents were simply asked to report their
total expenditure on each mitigating action. The predicted cost of illness of $41.34 i
added to each range of averting expenditures. It appears that during the Station F
theory underlying the defensive behavior method is supported and the sum of cost of
illness and averting expenditures provides a lower bound to the true economic \alue of
reduction in pollution levels. Theory tells us that willingness to pay should exueed t
sum of these two components due to the disutility associated with symptoms and lost
leisure. Taking the difference of these two measures results in antestintze value of

disutility of $24.78 for 1-5 days of exposure to wildfire smoke and $39.77 for greater

73



than five days. Our empirical analysis shows that the disutility of synspémah lost
leisure represents at least 38-41% of total willingness to pay for sbheo€avildfire
smoke. In a study valuing changes in health risks, Berger et al. (1987) foundhémat w
asked to rank their reasons for valuing symptom relief, 66% of respondent’s ranked
comfort as the most important, suggesting that the value of disutility asslowittie

symptoms is high for many people.

$120.00

$100.00

580-00 M Cost of lliness + Averting
Expenditures

$60.00

WTP

$40.00

$20.00 -

$0.00
1-5 Days > 5 Days

FIGURE 3.1
Cost of lliness and Averting Expenditures vs. WTP for a Reduction in Perceived
Pollution Levels
VII. CONCLUSIONS
Wildfire smoke will continue to be a source of concern in the public health arena,
however, little is known about the full range of health effects the majorigsafents
exposed to wildfire smoke experience and all of their associated coststutlyis s

contributes to the scarce amount of published survey data which questions individuals

directly about the health damages experienced and behavioral responses fages dur
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major wildfire event. Our study shows that 89% of individuals chose to take defensive
actions to protect themselves from potential health damages resulting fromrexjpos
wildfire smoke and to mitigate the health damages experienced. The mtajokity
preventative, averting actions to minimize their exposure to the smoke, suchgaa usi
home air cleaner or running their air conditioner more, removing ashes fram thei
property, and staying indoors or avoiding recreation activities during térevevent.

A smaller proportion took mitigating actions to alleviate the health sfieqterienced
during the Station Fire. For the first time, we explore the determinants tievileese
averting and mitigating actions are taken during a wildfire and find ale&drs such as
the number of days smoke was smelled indoors is a good predictor of whethier cert
actions are taken.

In addition, this unique natural experiment is used to explore the investments of
time and money individuals are making on these defensive actions duringra maj
wildfire event. We estimate predicted averting expenditures for the avesagehold to
be $24.53 and $54.89 depending on the number of days they are taken. Predicted cost of
illness for the average household is estimated to be $11.34. Theory and past literature
(Wu and Huang, 2001; Pattanayak et al., 2005) show that these expenditures provide a
lower bound to the true economic value of decreased pollution levels.

Based on a tobit regression model of defensive expenditures, we find that
individuals would be willing to pay $60.65 for 1-5 less days of smoke smelled indoors
and $106.00 for greater than five less days. The discrepancy between thelbwstof i
and averting expenditure components and willingness to pay values supports the

theoretical finding that the former lack the value of disutility assediwith exposure to
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a pollutant, such as those contained in wildfire smoke. We estimate this value tfydisuti
to be at least 38-41% of total willingness to pay depending on the number of days the
individual is exposed to the wildfire smoke. Thus, the sum of the cost of illness and
averting expenditures associated with exposure to wildfire smoke yieltstaistial
underestimate of willingness to pay.

As explained in Pattanayak et al. (2005), comparison of both defensive
expenditures and willingness to pay values can shed light on calibration falstcins w
can be used to adjust defensive expenditures into comprehensive economic values
associated with decreased pollution levels. Given that this is the firgttetadtimate
either for the specific case of exposure to wildfire smoke, we hope this issthodf f
many future studies to explore this relationship. The defensive behavior method is not
without its problems and the willingness to pay estimates derived from it shoulddbe use
cautiously (see Dickie, 2003; Freeman, 2003). However, the information coltecte
apply the defensive behavior method provides valuable insight into the behavioral
responses to wildfire smoke exposure and the associated investments of time and money
individuals are making on defensive actions. In addition, calculating the chmnge i
observed defensive expenditures given a change in pollution levels providesralyelat
simple extension to arrive at a lower bound on compensating variation, a value much
closer to the true benefits of a reduction in pollution levels than the sum of cosess$ill
and averting expenditures. Given expectations of more intense wildfire evenisbzea
areas in the future, human exposure to wildfire smoke and interest in the resulfiang we

implications will likely become more prevalent.
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CHAPTER FOUR

Valuing Morbidity from Wildfire Smoke Exposure: A Methodological Comparison
of Revealed and Stated Preference Techniques
[. INTRODUCTION

A variety of environmental contaminants can negatively affect human health and
a major mission of agencies such as the U.S. Environmental Protection AgencygEPA) i
to protect human health by reducing human exposure to contaminants in the air, water
and land (U.S.EPA, Human Health). Branches of the U.S. EPA such as the National
Center for Environmental Economics are responsible for analyzing the economi
impacts, i.e. costs and benefits, of environmental regulations and policies. Hawever,
challenge of accurately monetizing the economic cost of the health damsgsatas
with exposure to pollution has remained pervasive in the economics liteegwrell as
the policy realm.

In the past, economists relied on a simple cost of illness (COIl) approach to
estimate the economic cost of morbidity from pollution exposure. This is oftariatald
based on a damage function, which translates pollution concentrations into health
outcomes and connects these outcomes with associated medical expenditures and lost
wages to arrive at a final cost of illness. However, it is now widely docuthéraethis
approach will underestimate the true economic cost of health damages frosuexto a
pollutant. According to Freeman (2003), a pollutant that affects human healthampact

well-being in four ways: incurred medical expenses, lost wages, expenditures
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activities taken to avoid the health effects, and the disutility associatedywmptoms or
lost leisure. The cost of illness approach ignores these last two compoiments. T
theoretically correct measure of the cost of health damages from expmaypellutant
is the individual willingness to pay (WTP) to avoid this damage (Free2083).

Agencies such as the U.S. EPA recognize the inadequacies of relying omf cost
illness approach. As highlighted in the agency’s National Center for Environmental
Economics “The practical problem [with this approach] is that unit costs for ditgrbi
effects usually are measured in terms of avoided medical outlays ansl wéageh likely
underestimate what people would be willing to pay to avoid the adverse health ieffec
guestion” (U.S. EPA, NCEE). For this reason, researchers have turned to thesdefens
or averting, behavior method (DBM), a revealed preference approach,| as wed
contingent valuation method (CVM), a stated preference approach, in an effort to
monetize the true cost of damages to human health from various pollutants. While
numerous studies (reviewed below) have compared estimates across two of these
methods, very few have compared across all three methods common to valuing the health
damages associated with exposure to a pollutant: COl, DBM and CVM.

In addition, there are various pollutants for which no studies have estimated
theoretically correct willingness to pay values, meaning policy-makess$ raly on
lower bound cost of illness estimates in damage assessments. The U.S. EPAhaports t
“Even now, many important morbidity effects are poorly studied from the wildisg to
pay perspective. The cost of illness approach is much more common in valuing chronic
iliness. Consequently, benefit estimates based on a damage function approach wontinue

be used in many applications by EPA” (U.S. EPA, NCEE). A clear example of tihiere
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information is lacking is the health damages experienced from exposure to thansll
released by wildfire smoke.

The Centers for Disease Control and Prevention and the U.S. EPA report that
exposure to wildfire smoke can cause various ear, nose and throat symptonmsaas wel
heightened symptoms in individuals with heart or lung disease. In addition, children and
the elderly are considered sensitive populations whose health is at gré&atebas
affected by exposure to wildfire smoke. Evidence of these morbidity effecbebas
supported by studies such as Duclos et al. (1990), CDC (1999), Johnston et al. (2002 a,b),
Mott et al. (2002) Kunzli et al.(2006), CDC (2008) and others, which all find a positive
correlation between wildfire smoke exposure and various adverse health afiibcts
hospital admissions. Recent studies have called for the inclusion of their teskoo&ts
in damage assessments of a given wildfire (Butry et al., 2001; Morton et al., 201G8; A
al., 2008; Dale, 2009). However, the costs imposed on society as a result of these
potential health effects are often unknown or underestimated.

While numerous studies have applied a cost of illness approach to calculate the
economic cost of health effects from wildfire smoke exposure specifitaldate, none
have applied either the defensive behavior method or the contingent valuation method to
calculate the willingness to pay for a reduction in associated health esnkaghi et al.
(2010) conducted a literature review on studies estimating the economic costtof healt
damages from wildfire smoke and one conclusion was that understanding defensive
actions taken to avoid exposure to the smoke should be studied as their associated costs

may be substantial.

82



The contribution of this study is twofold. First, using unique primary data from
the largest wildfire in Los Angeles County’s modern history, we apply tlensiet
behavior method and contingent valuation method to estimate the willingness to @ay for
reduction in one wildfire smoke induced symptom day for the first time to our
knowledge. Second, using the same primary data, we compare estimates kitness al
common approaches used to value the economic cost of health damages from a pollutant:
the cost of illness approach, the defensive behavior method and the contingent valuation
method. To statistically test for a significant difference in the threaasts, we apply a
bootstrap resampling technique to test for overlapping confidence intervaddl as 1o
carry out a complete combinatorial test.

The study results add to the scarce literature comparing acrosealhtbthods
and provide a test of convergent validity on willingness to pay values derived from the
contingent valuation and defensive behavior methods. In addition, this can help shed light
on appropriate WTP: COI calibration factors for the health damages asdouitite
wildfire smoke specifically. The remainder of this article is orgahafollows: Section
Il provides a review of the relevant literature; Section Il oudlitiee theoretical models
motivating the analysis; Section IV discusses the sample frame andsddtan the
analysis; Section V presents the econometric estimation; Sectiocomyfares values for
a reduction in one wildfire smoke induced symptom day across methods; Section VII

outlines conclusions and areas for future research.
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II. LITERATURE REVIEW

The defensive behavior method has been used to calculate the value of a reduction
in a number of air and water pollutants and the health damages associated witlheexpos
to them, including but not limited to sulfur dioxide (Cropper, 1981; Joyce et al., 1989),
nitrogen dioxide (Dickie and Gerking, 1991a), carbon monoxide (Dickie and Gerking,
1991a), ozone (Dickie et al., 1986; Gerking and Stanley, 1986; Dickie et al., 1987; Dickie
and Gerking, 1991a,b) and contaminated water supplies (Harrington et al., 1989; Um et
al., 2002; Dasgupta, 2004). In addition, numerous studies have applied the contingent
valuation method to estimate the willingness to pay to avoid the health damages
associated with various pollutants (Rowe and Chestnut, 1985; Chestnut et al., 1996;
Dickie et al., 1986; Tolley et al., 1986; Berger et al., 1987; Dickie et al., 1987; #lberi
and Krupnick, 2000).

A number of the above studies have also looked at the relationship between cost
of illness estimates and willingness to pay values for a reduction in heattts diftam
exposure to a pollutant and the majority of empirical findings support theoretical
predictions that the cost of illness underestimates willingness to pay.vatuesstance,
Rowe and Chestnut (1985) interviewed a panel of asthmatics in Glendora, Caéifainia
found that CVM willingness to pay estimates for reductions in the severistloha
symptoms were 1.6 to 3.7 times the comparable cost of illness estimates. ddidki
Gerking (1991Db) interviewed residents in Glendora and Burbank, California and found
that willingness to pay for decreased ozone levels exceeded medical eXpeadactor
of two to four. Chestnut et al. (1996) found that small changes in angina frequelcy wer

associated with minor changes in costs of illness but significant changginigness to
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pay. Alberini and Krupnick (2000) estimated a WTP: COl ratio of 1.61 to 2.26 for
symptoms associated with air pollution in Taiwan. Berger et al. (1987) interviewed a
sample of 131 individuals in Denver and Chicago and found that for seven light health
symptoms, mean daily consumer surplus estimates were always ¢naatarean daily

cost of iliness estimates, by a factor of 3.1 to 79 times. In contrastafotladise findings,

Guh et al. (2008) conducted a survey in a rural area in China and found that respondents
cost of iliness for shigellosis, a bacterial infection caused by watemciratizon,

actually approximated an upper bound estimate of willingness to pay to avoid te illne
The authors explain that this may be due to the fact that preventative expendidures a
disutility from pain and suffering are low for this illness.

In addition, a handful of studies have studied the relationship between willingness
to pay estimates derived from both the defensive behavior and contingent valuation
methods, which can serve as a test of convergent validity. Dickie et al. (19&6jexbll
data from a sample of 229 residents in the cities of Burbank and Glendora, Caldornia
implement both the contingent valuation and defensive behavior method and compared
willingness to pay results across the two. The authors found that willingness to pay
estimates derived from the contingent valuation method were always largdneiran t
defensive behavior method counterparts, by a factor of up to ten times. Howe\aar, a ye
later, Dickie et al. (1987) compiled a new data set of residents in the g@selc this
survey, respondents were asked their willingness to pay to avoid one day of recently
experienced ozone related symptoms. Each bid was then multiplied by the number of
times symptoms occurred in a one month period and totaled across symptoms.

Respondents then had a chance to revise their bid after seeing this total.fResuhs
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study showed that average revised bids were much lower than original bids, ardl revise
willingness to pay estimates from the contingent valuation method were found to be
smaller than their defensive behavior method counterparts. Dickie et al. (kp&ihed
that this result is to be expected given that defensive goods used in calculations of
willingness to pay from the defensive behavior method may provide direct utilitg to t
individuals employing them, which should lead to larger benefit estimateshibse
derived from the contingent valuation method. Chestnut et al. (1996) found that CVM
willingness to pay estimates to avoid increases in angina were doestfyarable to
willingness to pay estimates based on the defensive behavior method.

As evident from the literature, there is still uncertainty on the relationship
between the estimates produced by the methods commonly used to value a reduction in
health effects associated with exposure to an environmental contaminant. Most
importantly, very few studies have attempted to compare estimates alctbsse
methods using the same primary data and those that have tend to compare potesestima
of benefit measures. These comparisons can be made even more rigorous andogccurate

evaluating statistical tests of their differences.

Ill. THEORETICAL FRAMEW ORK
Defensive Behavior Method
As explained in previous chapters, the defensive behavior method is a revealed
preference method that has been used in the field of health and environmental economics
for many years. The method is based off of a health production function first outlined by
Grossman (1972). The basic idea of the defensive behavior method in this health
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production function framework is that if an individual experiences some health output,
such as a number of days spent sick or some occurrence of symptoms, it enters into his
utility function, causing disutility. This health output is in turn influenced byowssri

factors, such as pollution levels, the individual’'s overall stock of health, demographic
factors, lifestyle factors and finally, both averting and mitigatiotions taken by the
individual to decrease the chance they experience a negative health outc@me. Thi
information can then be used to calculate the WTP to avoid a pollutant in gen#ral, or
symptoms that result from exposure to the pollutant. A simple one period illstisati
outlined as follows: an individual’s utility can be expressed by:

U=U(XL,S) 4.1)
whereX represents consumption of a composite market good with price normalized to 1,
L represents leisure time, aBdepresents time spent sick. We can assume that utility is
increasing in consumption and leisure and decreasing in sick time. An individual
‘produces’ this sick time according to a health production function as follows:

S=S(P,AM,?2) (4.2)
whereP represents exposure to a polluta#tepresents averting activities that can be
taken to decrease exposure to the pollutdrgpresents mitigating activities that can be
taken to reduce the time spent sick Zmépresents a set of exogenous factors that can
affect the time spent sick, such as demographic factors and health status prior t
exposure. It can be assumed that sick time is increasing in exposure to ttapahdt
decreasing in averting and mitigating actions. Individuals are also stigbudget
constraint:

l+w[T-L-S(P,A M, 2)] =X+ A+ pyM (4.3)
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wherel represents non-labor inconverepresents labor income, and the individual is
assumed to allocate her total time available for Wiobletween work, leisure and time
spent sick. Averting activities have a pricgp@fmitigating activities a price gy, and
the price ofX is normalized to 1Therefore, the individual’s utility maximization
problem becomes:

MaxU=U (X, L, S (P, A M,Z) (4.4)

st.1+w[T—L-=S (P, A M, 2Z)]=X+A+puM

After solving for the first order conditions for a maximum and through substitution we
can arrive at the marginal value of reduced time spent sick equal to (see Dickie, 2003 or
Freeman, 2003 for a full derivation):

-pa ! (OSIOA) (4.5a)
or

-pv / (6SIOM) (4.5b)
The marginal willingness to pay for a reduction in time spent sick can hdatatt as the
price of any averting or mitigating activity divided by the margingdatfof the use of

that averting or mitigating activity on time spent sick.

Contingent Valuation Method

Unlike the defensive behavior method which questions individuals about their
actions to arrive at a measure of the economic value of a decrease in symptontluays or
pollutant that causes them, the contingent valuation method uses a stated preference
approach to estimate this value. In a contingent valuation framework, individeials ar

asked directly about the value they place on a specific change in a non-market good,
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which in this case would be a decrease in the number of symptom days experienced as a
result of exposure to wildfire smoke.

Following equation (4.4) the individual can solve his dual problem of minimizing
expenditures subject to a given level of utility, say u*. This expenditure mauttiorz
problem can be solved to obtain the minimum expenditure function as follows:

e=e (g pa P, Z 8 u¥ (4.6)

This is the minimum expenditure required to remain at utility level u* given isiek®,
a set of prices, a particular pollution level and exogenous characteristiesioditvidual.
The willingness to pay for a reduction in sick time frofrt®8S' can be expressed as:

WTP =€ (@, pa P. Z, 8, u*) - e (o, pa, P, Z, S, U*) (4.7)

This shows the maximum amount of money the individual would pay to enjoy less sick

days while maintaining the same level of utility.

Cost of lliness Approach

The cost of illness (COI) approach sums resource and opportunity costs of being
sick to arrive at a final cost of damages to human health from a particulgapblThe
costs include individuals’ expenditures on medical care and medications, the opportunity
cost of time spent in obtaining medical care, as well as lost wages fromnmpabke to
work. This measure ignores expenditures on averting actions as well as titigydisut
associated with symptoms or lost leisure that will be captured in a WTP mdasume
the theory underlying the defensive behavior method, we assume that mitigatitigsict
are chosen by individuals to maximize her level of utility subject to a budgetaiahstr

Therefore, given a particular health outcome, the decision to engage in anyeof thes
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mitigating activities will likely be a function of pollution levels, pricéme spent sick,
and any other exogenous factors which may influence the decision to undertake each
action as follows:

M =M (pa, pw, P, S, 2) (4.8)
Once a model is estimated to control for these variables, the predicted ptylbiaduili
each action is taken can be multiplied by the average cost of that spdafic &be sum

of these values results in a final cost of illness.

Hypothesis
In this study, we compare the value of decreased morbidity from wildfio&esm
based on estimates from three different estimation approaches; the costssf ill
approach, the defensive behavior method, and the contingent valuation method. As
explained above, theory and empirical studies consistently find that the dostss
approach underestimates the true economic cost of health effects from exposur
various pollutants (with the exception of Guh et al, 2008). However, the expected
relationship between willingness to pay values for reduced morbidity éstirog the
defensive behavior and contingent valuation methods remains unclear. Therefore, the
hypothesis we would like to test is as follows:
Ho: COl = WTRyem = WTPcym
Ha COI <WTRgm # WTPcym
Given that these values will be calculated as either the product or ratio of t
numbers, they will not have straightforward statistical properties that ilostatistical

comparison of the measures. Therefore, two approaches are implementethts test
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hypothesis. First, the bootstrapping method (see Efron, 1979, 1982; Efron and Tibshirani,
1993) will be applied to draw a new sample with replacement from each origiasétat
This process will be repeated 1,000 times to generate a distribution of 1,000 values from
each of the three methotfsPercentile confidence intervals will then be constructed. To
do so, the distribution of values is first ordered from the lowest to the highest value and
then to form, for example, the 95% confidence interval, 2.5% of the observations at each
tail are dropped from the distribution. As explained in Loomis, Creel and Park (1991),
while benefit estimates obtained using different valuation methods may &pbeaquite
different, applying simulation techniques to look for overlapping confidence irgasval
rigorous way to statistically test for a difference.

If the confidence intervals for two of the distributions of values do not overlap, it
can be concluded that the null hypothesis of equality for that comparison carchedreje
at the specified level of confidence. If the confidence intervals of any tivdbdigons of
values do overlap at the desired level of confidence, a second approach will be: applie
Following Poe et al. (1994, 2005), we use a complete combinatorial approach based on
the method of convolutions. This unbiased, nonparametric test is used to evaluate the
statistical difference between two distributions by generating a ttatdhdition
consisting of all possible differences between the two distributions oéstté&or
instance, if comparing Wiy with WTPcyw, this third distribution is constructed by
calculating (WTRBgwm)i — (WTR:ym),) wherei = 1,000 bootstrapped WTP values from

the defensive behavior method avd 1,000 bootstrapped WTP values from the

13 While other simulation methods including the jagit& Cameron (1991), Krinsky and Robb (1986), and
delta methods could also be applied, studies cangacross methods have found that they are all
relatively accurate and will produce similar resugee Cooper (1994) and Hole (2007) for theserfysd
and an explanation of when the methods will differ.
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contingent valuation method. This results in a 1,000,000 by 1 vector of differences. The
proportion of negative values from this third distribution of differences reprebents
probability for the two willingness to pay distributions to be overlapping (if thisevial
greater than 0.5, it should be subtracted from 1). This probability represents theeshe-si
p-value associated with the hypothesis test of equality for the two disiributi

Multiplying this value by two gives the two-sided p-value associated wgheht. If this
p-value is less than a particular level of significancepsay.05, the null hypothesis of
equality of the two willingness to pay estimates can be rejected at the Oilisange

level.

IV. SAMPLING FRAME AND DATA COLLECTION

See Chapter 2 for a complete description of the study area, survey design, data
collection, and sample statistics for this study. For the contingent valuatiom, irlgie
those respondents who had household members experiencing health symptoms from the
Station Fire smoke were asked an additional question about their willingrnessttm
reduce the health symptoms their household experienced by 50%. Before the actual
guestion was asked, respondents were asked to take into consideration all dssuximte
of the illness, including the actual health effects experienced, the avartiogs taken to
avoid these health effects, as well as work and recreation lost as a dinétabfremoke
from the fire. Respondents were specifically asked not to consider anyassstsated
with the actual fire itself, such as damage to the home. A dichotomous choice question
format was used with ten different bid amounts ranging from $10 to $750 based on focus

groups and acute morbidity values from various studies summarized in Dickie and
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Messman (2004). Table 4.1 indicates the percentage of yes responses tanipecss|

to pay question at each bid amount.

TABLE 4.1
Percentage of Respondents Indicating Yes to the Specified Bid Amount

Bid Amount N Percentage Yes
$10 22 59%
$25 21 67%
$50 18 44%
$75 18 11%
$100 14 50%
$150 12 25%
$200 7 29%
$300 11 18%
$500 19 11%
$750 15 13%

V. ECONOMETRIC ESTIMATION

Cost of lllness Model

An estimate of the cost of illness from exposure to wildfire smoke is sitngly t
sum of expenditures made on all mitigating actions as a direct result ibf $ygaptoms
experienced. While some studies have estimated econometric models of theyinfensit
expenditures made on these actions, we choose to model whether or not these actions
were taken. Probit regression models are estimated to determine the tlaatanfluence
the probability that each mitigating action was taken, including whethestar doctor
was seen or prescription medications were taken, whether non-prescripticatinas

were taken, whether or not work was lost and whether recreation was misstickas a
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result of symptom&? These mitigating action variables are regressed on all independent
variables that could influence the probability that they were taken. Resulese
models can be found in the Chapter 2 Appendix, Table 2.B. The total daily cost of iliness
is estimated by applying a formula from Alberini and Krupnick (2000) as follows:

Lulpm * P(x * Bu)] (4.9)
whereM represents each mitigating acti@nis the standard normal cdfpar is the
mean of the independent variables in the model, which are multiplied by tipeictigs
model coefficients, except for symptom days, which is set at 1 to reflectiheas of
illness. The predicted probability that each action is taken is multiplied agstziated
in-sample average cost reported by respondpiits,hese are the same average costs
reported in Chapter 2, Table 2.4 except for work days lost, which is adjusted to represent
the lost wages from one work day lost due to health symptoms. The predicted probability
is calculated by re-estimating the regression models retaining only thas@eswhich
were found to have a statistically significant effect on the probability adrntekdng each
mitigating activity. This is done to minimize the variance in the model andasethe
precision of the estimate. Summing across all mitigating actionsg@salh estimate of

the predicted cost of illness for the average household.

Defensive Behavior Model
To implement the defensive behavior method to calculate the mean willingness to
pay for a reduction in symptom days, a health production function such as that in

equation (4.2) is estimated. The health outcome experienced is the dependermt efriabl

14 A model was not estimated for the mitigating actid going to a non-traditional healthcare provider
given that only five individuals undertook this iact
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interest, which in this case is the number of days that health symptomsxpererced
as a direct result of exposure to wildfire smoke. The independent variables include
everything that enters the right hand side of the health production function, including
exposure to the pollutant, the averting and mitigating actions taken, the individual's
health history, lifestyle factors and demographic factors.

Estimating this model has proven somewhat difficult in practice. A major
complication that arises in empirical estimation, explained thoroughly dkie>2003) is
the fact that averting and mitigating actions variables are often emalaggointly
determined with the health outcome. These endogenous regressors will ladembmwih
the disturbance of the health production function equation they appear in, meaning least
squares estimators will be both biased and inconsistent. Numerous studies that have
estimated health production function regression models over the years haveezktres
importance of this issue (Gerking and Stanley, 1986; Joyce et al., 1989; Albatini e
1996; Bresnahan et al., 1997; Dasgupta, 2004; Dickie, 2005).

The dependent variable in this analysis is count in nature (the number of days
symptoms were experienced) and the potentially endogenous averting ayadiimgiti
action variables are binary, meaning nonlinear estimation techniques tesattisassue
of endogeneity must be employed. To estimate the health production function and
address the issue of endogeneity in a nonlinear framework, we use a maxmuliatesi
likelihood estimation procedure developed by Deb and Trivedi (2006a,b) which was
explained in detail in Chapter 2, Section IV. The results of this model, including only

those variables which had a statistically significant effect on eagpagimptom days can
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be found in Table 4.2. The results of this regression analysis are also explainad in de

in Chapter 2, Section V.

TABLE 4.2

Defensive Behavior Model
Variable Coefficient Robust Std. Error
SYMPTOM DAYS - Negative Binomial Regression
Smelled smoke indoors >5 days 0.394*** 0.142
Smelled smoke outdoors > 5 days 0.953*** 0.168
Ear, nose or throat symptoms 3.630*** 0.232
Breathing symptoms 0.789*** 0.183
Other symptoms 0.719*** 0.221
Home air cleaner -0.848*** 0.163
Hours per week of outdoor recreation -0.023* 0.012
Male -0.341** 0.151
Married -0.345** 0.153
Age 0.012** 0.005
College graduate 0.479*** 0.141
Employed part-time 0.625** 0.305
Lives in Duarte 0.539** 0.225
Lives in Burbank 0.460** 0.185
Lives in Glendora 0.406** 0.174
Constant -3.701*** 0.476

HOME AIR CLEANER - Probit Regression

Smell smoke inside >5 days 0.362 0.259
Smell smoke outside > 5 days 0.336 0.282
Ear, nose or throat symptoms 0.672%** 0.242
Breathing symptoms 0.168 0.265
Other symptoms 1.374%** 0.333
Hours per week of outdoor recreation -0.017 0.021
Male -0.183 0.246
Married 0.437 0.268
Age -0.006 0.010
College graduate 0.375 0.248
Income -0.005** 0.003
Employed full-time 0.560** 0.284
Employed part-time 0.519 0.461
Lives in Duarte -0.220 0.400
Lives in Burbank 0.411 0.307
Lives in Glendora 0.496* 0.272
Believes smoke can affect health 1.426** 0.703
Constant -3.481*** 1.096
/lambda 0.858*** 0.072
/Inalpha -13.657*** 2.491

N = 377

Log Likelihood = -672.066

Wald chi2 (24) = 424.71

Prob > chi2 = 0.0000001

*90.10, *: p<0.05, ***: p<0.01
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Contingent Valuation Model

In applying a contingent valuation framework to value a decrease in the number
of symptom days experienced from exposure to a pollutant, willingness to pay will be
function of the bid amount and any variables that would enter the health production
function. Freeman (2003) explains that technically you do not need to include variables
other than the bid amount in the model, but if willingness to pay does vary with other
characteristics such as health status and demographics, this information shouldrbe know
if the values from this study are to be used to value the benefits of pollution control in
other contexts. The contingent valuation portion of the survey questioned respondents
about whether any members of their household experienced health symptoms from the
smoke from the Station Fire. If they indicated that they had, the respondeatasked
if they would be willing to pay a specified bid amount to reduce the symptoms
experienced by all members of the household by 50%.

Ultimately, we would like to know the actual willingness to pay distributionlof al
respondents, but given the dichotomous choice question format used here, the only
known information is whether a respondent responded “yes” to a specified bid amount, in
which case their actual willingness to pay is greater than or equal toltres ea
responded “no,” in which case their actual willingness to pay is less than tnes VaUs,
the actual underlying willingness to pay distribution of interest, which we tieefes
WTP?*, is unknown. Following closely the work of Alberini (1995), the willingness to
pay model can be specified as:

WTR* =X/ + ¢ (4.10)
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wherex’ represents a vector of independent variables which could influence the
individual's willingness to pay, angdis a normally distributed error term. Whether or not
an individual was willing to pay a specified bid amount is observed, so the probability
that the individual responds “yes” to a specified bid amoun{™tsd

Pr (WTP*% > bid | x") = 1 — F (bid | x") (4.11)
where F is the cumulative distribution functiorVBTR*. This model is estimated by the
method of maximum likelihood, which requires that a distribution is specified for the
underlying willingness to pay. Various probability distributions were coresidi® model
willingness to pay, however, a log-normal functional form is chosen for two main
reasons. First, while a logistic distribution is frequently assumed, itdeasrinted that a
logit regression model should have a sample size of at least 500 observations
(Studenmund, 1992). However, in this study, only 157 respondents were eligible to
respond to the contingent valuation question. Giraud, Loomis and Cooper (2001) cite less
need for a large sample size as an advantage of the probit model over the logit model in
estimating willingness to pay values. Second, assuming a non-negatilitigst for
willingness to pay seems reasonable for the case of valuing a decreasetions days
from exposure to wildfire smoke. It seems implausible that individuals would hold
negative values for a decrease in a health outcome whose presence is expedtexto r
their utility. As Alberini and Cooper (2000) point out, a negative willingnessyvaae
would indicate that the average individual would actually pay to be sick. The log of the
bid amount is included in the regression model to restrict willingness to pay \aliees t

between zero and infinity. Assuming willingness to pay follows this log-normal
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distribution, the probability of individualresponding “yes” to a specified bid amount
“pbid;” becomes:

Pr (WTP* > bid | x’) = 1 - F(bid; | ') =1 — &((In(bid) - X' B) / o) (4.12)
where® is the standard normal cumulative distribution function, aiscthe standard
deviation of the log transformation of willingness to pay. AssuriVid? = 1 if the
respondent is willing to pay the specified bid amount and 0 otherwise, the log likelihood

function can be written as:

In (bidi)—xiﬁ) + (1-WTPi) In @(ln (bidy)—x;p

g g

InL = Y7~ [WTP; * In (1 — &( )] (4.13)

A probit regression model is estimated to model the determinants of the mredicte
probability that the individual was willing to pay the specified bid amount. Additional
variables added to this model include the total medical costs incurred by all hdusehol
members, the total cost of averting activities taken by the household, aswhet!

number of people in the household who experienced symptoms. Finally, given that the
respondent was valuing a 50% reduction in all symptom days experienced in the
household, the duration of the iliness is captured by a variable representioigatal
symptom days experienced in the household. The results of this regression model,
including only those variables which had a statistically significant tefi@the predicted
probability that the individual was willing to pay the specified bid amount can be found

in Table 4.3 below. The results of the full model including all independent variables ca

be found in the Appendix, Table 4.A.
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TABLE 4.3
Probit Regression of WTP for 50% Reduction in Symptom Days

Variable Coefficient Std. Error
In (Bid amount) -0.473*** 0.097
In (Half of household symptomdays) 0.342** 0.161
Cost of averting activities 0.0006*** 0.000
Times per week of exercise -0.232* 0.141
College graduate 0.486* 0.271
Has health insurance -1.088*** 0.388
Lives in Glendora, CA -0.596** 0.268
Constant 2.191*** 0.669
N = 157

Log Likelihood = -75.802

LR chi2 (7) = 51.760

Prob > chi2 = 0.0000001

* g0.10, **: p<0.05, ***: p<0.01

The bid coefficient in this model is negative and statistically signifiaatite 1%
level, meaning that the higher the bid amount, the less likely the individual wiag) \toll
pay, all else constant. This provides evidence of theoretical constructyvithe
contingent valuation question responses. The natural log of half of all household
symptom days is positive and statistically significant at the 5% level. @dféatent on
this variable is less than one, implying that willingness to pay increagelouisehold
symptom days, but at a decreasing rate. Similarly, previous contingeatioalstudies
estimating the willingness to pay for symptom relief, such as Alberaii €1997),
Johnson et al. (1997), Liu et al. (2000), and Dickie and Messman (2004), all found that
the increase in willingness to pay is less than proportionate to the increasdunattien
of the illness as measured by symptom days.

In addition, the more money the individual spent on averting activities, the higher

the probability they were willing to pay the specified bid amount to reduce symptoms
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experienced in their household. This variable is significant at the 1% level and thi
finding is consistent with theory, which says that one of the four main components of the
true value of a reduction in symptom days will be expenditures on avertingiestivi
Turning to lifestyle and demographic factors, similar to Liu et al. (2000)nale
that exercise has a negative and statistically significant effebiegorébability that the
individual is willing to pay a specified bid amount, all else constant. Beingegeoll
graduate has a positive and significant effect on willingness to pay companedéo t
respondents without college degrees. Having health insurance has a negativaneffec
probability that the individual is willing to pay the specified bid amount, and thigblari
is significant at the 1% level. Finally, living in the city of Glendora hasgative and
significant effect on willingness to pay compared to living in Duarte, Mony&r&ara
Madre, or Burbank.
Interestingly, a variable controlling for the number of individuals in the household
who experienced symptoms was included in the full model but did not have a significant

effect on willingness to pay.

VI. COMPARISON OF VALUES FOR A REDUCTION IN ONE WILDFIRE
SMOKE INDUCED SYMPTOM DAY

Cost of lliness

Following equation (4.9), the predicted cost of iliness for one symptom day for
the average household estimated to be $9.32 as shown in Table 4.4. This cost can be
viewed as conservative in that there is no assumed cost for a loss in recreatmn days

utility due to symptoms from exposure to the smoke from the Station Fire.
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TABLE 4.4
Predicted Cost of lliness for One Symptom Day
Predicted Probability

Mitigating Action Action is Taken Average ExpenditurePredicted Expenditure
Obtained medical care/prescription medications @012 77.87 $0.99

Took non-prescription medicines 0.0621 16.86 $1.05
Missed work 0.0252 288.88 $7.28

Missed recreation 0.1300 N/A N/A

Cost of lliness $9.32

Defensive Behavior Method WTP

In the defensive behavior regression model, the individual willingness to pay for a
given change in illness can be calculatefias/ (6SI0A)] from equation (4.5a). Given
that using an air cleaner is the only averting action that is found to have tecatbtis
significant and negative effect on expected symptom days, the willingnpayg
measure is based on this action. The incremental effect of this endogenous input on
output is -0.31, meaning the use of an air cleaner is expected to reduce symptom days by
0.31° Taking the average cost reported by those respondents who used an air cleaner
during the Station Fire results in an estimated price of $26.93 for this averiom dtte
average respondent’s willingness to pay for a reduction in one symptom day from

exposure to wildfire smoke is equal to -26.93/-0.31 = $86.87.

Contingent Valuation Method WTP
A goal of this study is to compare the willingness to pay value estimated by
applying the defensive behavior method to the willingness to pay value estimated b

applying the contingent valuation method. Therefore, the mean willingness tolpay va

15 The discrete change in expected count outcométirestrom a change in binary variable ¥om 0 to 1
can be calculated as:;[}{“=0][exp(*)-1] where u=exp(K), with all variables except®are set at their
sample mean.
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derived from the contingent valuation method is the statistic of interest. Given the
assumed log-normal distribution of willingness to pay, this expected value can be
calculated as:

E(WTP) = exp ¢ + 0.59) (4.14)
wherep ando are the mean and standard deviation of the logged willingness to pay.

Estimates oft ando are recovered as follows:

E (WTP) = expL +0.5(~ 27 (4.15)
By setting all independent variables at their sample mean, we can edtimatean

willingness to pay to avoid an average number of symptom days experienced in the
household. This results in a mean willingness to pay value of $339.34 to avoid an average
of around seven symptom days, or $48.48 per day. Plugging in one symptom day and
setting all other independent variables at their mean value results in avitiegmess to

pay value of $82.82 for a reduction in one wildfire smoke induced symptonf @his

is the value focused on for the comparison across methods. Due to the fact that
willingness to pay is increasing at a decreasing rate in symptom daysllithgmness to

pay to avoid one symptom day is much higher than the willingness to pay per day to

avoid an average of seven symptom days. This is consistent with previous studies such a
Alberini et al. (1997) who conducted a contingent valuation survey of residents in Taiwan
exposed to particulate matter and ozone. The authors found that willingness to pay per

day to avoid a five day illness was about one-third the willingness to pay to avoid a one

day illness.

16 One last approach would be to estimate the metiingviess to pay to move from an average of 7
symptom days to 6 symptom days. This results ialaevof $35.57.
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While these estimates represent the willingness to pay for a @uuc®0% of
the symptom days that all members of the household experienced, recall thatatecovar
controlling for the number of people in the household with symptoms was included in the
full regression model but was not found to be a significant determinant of the prgbabilit
that the individual was willing to pay the specified bid amount (as seen in the Appendix,

Table 4.A).

Comparison of Value

As expected from theoretical predictions and the majority of empiricdiest, the
cost of illness point estimate is considerably lower than the willingness twapsgs for
a reduction in one symptom day from exposure to wildfire smoke. The contingent
valuation and defensive behavior willingness to pay values are around nine toees la
than the cost of illness estimate, respectively. The daily willingogsayt values of
$82.82 and $86.87 fall within those estimated in the literature for other air pollutants.
Johnson et al. (1997) summarized a number of studies estimating willingness to pay
values for a reduction in various health symptoms over the years and found that they
ranged from about $5 for a reduction in one day of chest congestion up to about $194 for
a reduction in one day of angina symptoms. By combining a meta-analysishiditgor
valuation studies with a health-status index, the authors themselves ebtiaiags from
$36 to $68 to avoid one day of mild cough, $110 to avoid one day of shortness of breath,

and $91 to $129 to avoid one day of severe astfima.

7 All values were converted to 2009 U.S. dollarsiggshe consumer price index
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In addition, the fact that the willingness to pay value of $82.82 using a contingent
valuation stated preference elicitation method is slightly smallarttteavalue of $86.87
which is based on a defensive behavior revealed preference elicitation metlsod is a
consistent with theory and previous findings. The defensive goods used in the defensive
behavior method WTP calculation may provide a direct source of utility to the individual
using them, meaning benefit estimates based on this method may be higher than thei
contingent valuation counterparts. In addition, Carson et al. (1996) conducted a meta-
analysis consisting of 83 studies and 616 comparisons of contingent valuation (CV) and
revealed preference (RP) willingness to pay estimates for quasi-public gbegsfound
an average sample mean CV: RP ratio of 0.89, providing evidence that contingent
valuation willingness to pay estimates are on average smaller tharettezited
preference willingness to pay estimate counterparts.

Given these results, it appears that the null hypothesis of equality betweestthe ¢
of illness estimate and either of the willingness to pay values can bedejeat further
analysis is needed to statistically test this hypothesis. Whether tlmimeestimates of
willingness to pay are statistically different is less clear. Tocggghese relationships,

Table 4.5 presents the average estimates of the value for a reduction ifdére w
smoke induced symptom day, along with the 95% percentile confidence intervals around

these values estimated from 1,000 bootstrapped coefficients for each of thedtet® m
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TABLE 4.5
Values for Reduction in One Wildfire Smoke Induced Symptom Day

Method Point Estimate 95% CI

Cost of liness $9.32 [$3.80-$12.78]
Defensive Behavior WTP $86.87 [$70.99-$814.10]
Contingent Valuation WTP $82.82 [$21.12-$1022.49]

It is clear that the 95% confidence interval of $3.80 to $12.78 around the cost of
illness estimate does not overlap the 95% confidence intervals around the wslingne
pay values estimated from the other two methods. As expected, the null hypothesis tha
the cost of illness estimate equals either of the willingness to pay valube cejected at
the 95% confidence level. Turning to the comparison of the two willingness to pay point
estimates, Figure 4.1 graphically shows the lower and upper bounds of the 95%

confidence interval around the two values.

95% Confidence Interval
1,200
1,000 $1,022.49
800 $814.10
® 600
400
200
0 $21.12 $70.99
CVM WTP DBM WTP
FIGURE 4.1

95% Confidence Intervals for WTP Values

The confidence interval around the willingness to pay values overlap at the 95%
level of confidence, which would imply that the null hypothesis of equality betveen t

two values cannot be rejected. However, this result should be confirmed with the
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complete combinatorial convolutions approach. Comparing confidence intervals to
statistically test this difference has been shown to result in a higbkndiod of type I

error due to overstated significance levels than the method of convolutions (Poe et al.,
2005). This test results in a one-sided p-value of 0.38 and a two-sided p-value of 0.76.
This confirms the comparison of confidence intervals and we conclude that the null
hypothesis of equality of the two willingness to pay point estimates canngebted at

standard significance levels.

VIl. CONCLUSIONS

There is considerable concern over the health effects individuals expermnce fr
exposure to the pollutants contained in wildfire smoke and agencies such as theAJ.S. EP
often attempt to quantify the cost imposed on individuals as a result of this exposure.
While they realize that methods such as the cost of illness and damage function
approaches ignore important components of this cost and will likely underestimate t
associated economic cost of the damages to human health, they will continue to be used if
there are no correct value estimates in the literature.

This study attempts to fill this gap by quantifying the theoreticaliyeod
individual value of a reduction in one wildfire smoke induced symptom day by applying
two common non-market valuation approaches. Using data on the defensive actions
individuals reported taking during California’s Station Fire of 2009 along with thei
associated costs, the defensive behavior method application reveals that indaneluals
willing to pay an average of $86.87 for a reduction in one symptom day. Asking

individuals a contingent valuation question based on a scenario about reducing half of all
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symptom days experienced in their households reveals that individuals are wijpiayg t

on average $82.82 for a reduction in one symptom day. These values fall within the range
found in the literature. Comparing these values to a commonly monetized cost sf ilines
reveals that for the case of wildfire smoke, willingness to pay values can be op to ni

times a cost of iliness estimate. This confirms theoretical predgcthat willingness to

pay values incorporate significant factors that represent a loss todbtedfindividual

but are typically ignored in estimates of monetized health damages usgeinoyes.

While this ratio of WTP: COl is higher than that found in the majority of previous
studies which have compared the two (with the exception of Berger et al. (1987)), a few
points should be noted. First, this is the only study which has calculated this ratio for the
specific case of wildfire smoke using primary data. Second, this discrejsamaty
surprising once the data required to implement the defensive behavior method is given a
close look. For instance, while only 6.3% of survey respondents sought medical attention
or took prescribed medications for symptoms, 89% took averting actions to protect
themselves from exposure to the wildfire smoke. The costs of these actions wdugd not
included in a cost of iliness estimate. Further, of the 156 respondents who experienced
health symptoms from exposure to the wildfire smoke, 110 of them missed recreation
days as a result of these symptoms. This suggests that the disutilityagssaain
symptoms or lost recreation captured in the willingness to pay estimate b ot of
illness estimate may be substantial for individuals exposed to wildfire smoke.

Analysis of confidence intervals reveals that while the willingrepay values
are statistically different from the cost of iliness estimate, tloewilingness to pay

values are not statistically different from one another as shown by thedBitence
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intervals obtained from the bootstrap method. The complete combinatorial test further

confirms this finding. This result is promising for future applications of both the

contingent valuation and defensive behavior method in the realm of valuation of health

damages, as it provides a test of convergent validity between the two measules. W

both non-market valuation techniques appear to provide a valid estimate of the health

damages associated with wildfire smoke exposure, if a prinnaveyis being conducted,

we do feel there is a considerable advantage to collecting the data needplehoent

the defensive behavior method and estimate the associated health production function.
Future studies should also compare willingness to pay values to a cost of illness

estimate for the specific case of wildfire smoke to test whethertibeestimated here of

nine is fairly consistent across wildfires. This could provide agencies wigstanate of

the degree of inaccuracy associated with using a cost of illness estundler,

collecting data on attitudes about the most important components of an individual's

willingness to pay for symptom reduction could be valuable. This information could

confirm whether defensive actions and disutility components of symptoms and lost

leisure represent a very significant economic cost to them, as suggesitedshipstantial

difference between willingness to pay and cost of iliness estimates fotimd study.

This information will likely become even more important in areas such #sGel

where large wildfires are moving closer to city centers and arenget confined to rural

areas.
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APPENDIX

TABLE 4.A
Full Probit Regression of WTP for 50% Reduction in Symptom Days

Variable Coefficient Std. Error
In (Bid amount) -0.573*** 0.124
Smelled smoke indoors > 5 days -0.113 0.360
Smelled smoke outdoors >5 days -0.060 0.399
Average daily maxmum CO concentration -0.330 1.428
Household medical costs 0.000 0.002
Cost of averting activities 0.0006* 0.000
Number of household members with symptoms 0.143 0.190
In (Half of household symptom days) 0.354 0.268
Current respiratory condition -0.094 0.380
Current heart condition 0.200 0.537
Past health effects from wildfire smoke -0.029 0.333
Times per week of exercise -0.153 0.184
Smoker 0.103 0.574
Alcoholic drinks per week 0.201 0.203
Current health is excellent -0.366 0.584
Current health is good 0.019 0.476
Hours per week of indoor recreation 0.060 0.048
Hours per week of outdoor recreation -0.027 0.036
Has a regular doctor 0.000 0.528
Male -0.338 0.333
Married 0.368 0.390
Age 0.000 0.016
White -0.124 0.380
Graduate school graduate 0.194 0.400
College graduate 0.623* 0.374
Employed full-time -0.570 0.411
Has health insurance -1.386*** 0.522
Number of children under 18 years old in househld58 0.192
Lives in Duarte 0.483 0.479
Lives in Burbank 0.189 0.415
Lives in Glendora -0.677 0.424
Income 0.005 0.004
Heard or read about possible health effects -0.285 3990.
Constant 2.983 2.553
N = 151
Log Likelihood = -65.870
LR chi2 (33) = 65.170
Prob > chi2 = 0.0007

* p<0.10, **: p<0.05, ***; p<0.0
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CHAPTER FIVE

Econometric Approaches to Estimation of a Jointly Determined Health Prodction
Function
[. INTRODUCTION

In health economics studies, the researcher is often interested in thekdiee
or more treatment or choice variables on a particular health outcome oftinddtes
times, estimating an econometric model to capture this effect is coraglicathe fact
that the treatment variable may be endogenous, correlated with the errof them
health outcome equation it appears in. For instance, it has been shown that an individual’s
level of health is endogenous to their demand for health care (Windmeijer and Silva,
1997); an individual's choice of health insurance is endogenous to health care utilization
(Deb and Trivedi, 2006a; Hidayat and Pokhrel, 2010; Zimmer, 2010); and the advice of a
physician is endogenous to the number of alcoholic drinks consumed (Kenkel and Terza,
2001), to name just a few empirical applications.

Endogeneity in econometric models stems from a variety of sources. A common
cause is omitting a variable that is correlated with both an independent varitige i
model as well as the dependent variable. This omitted variable is also redeased t
confounding variable. In observational data there are often many nonrandomrmdédtere
across observations which cannot be directly measured. This unobserved heterogeneity is

typically captured in the error term of the outcome equation; however, if it elateat
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with an independent variable in the equation, it acts as a confounding variable (Zohoori
and Savitz, 1997). Endogeneity may also arise due to simultaneity, where the dependent
variable is affected by an independent variable, which is in turn affected bgpaedént
variable. Both the dependent variable and one of the independent variables are
simultaneously determined, or codetermined. Other sources of endogeneity include
sample selection error and measurement error, and it is possible to have numerous
sources of endogeneity in one econometric model.

Correcting for the endogeneity of explanatory treatment variables idicated
in the case where the treatment variable is binary and the health outcomeest iata
count variable (takes on a nonnegative integer value) meaning nonlinear estimati
technigues must be employed. This scenario is quite common in the field of health
economics where the health outcome of interest may be the number of visits to a
physician or the number of days spent sick and the endogenous explanatory \&riable i
whether or not some treatment or choice was undertaken. See Windmeijer and Silva
(1997), Kenkel and Terza (2001), Schellhorn (2001) and Hidayat and Pokhrel (2010) for
examples. However, as explained by Winkelmann (2008) “An important example where
the issue of endogeneity is a major worry is related to the effect afar\fptreatment on
a count outcome variable.”

If the endogeneity of the treatment variable is not accounted for, theccerffi
estimates will be biased and inconsistent and inference can be mis|éadveger,
correcting for binary endogenous regressors in a nonlinear framework lsvags a
straightforward matter. The endogenous binary treatment variable canruotdited for

using standard two-stage instrumental variables approaches becauserafrtireear
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nature. While this issue of endogeneity comes up frequently in econometric ampdicat
to health, models to correct for nonlinear endogenous regressors in count dasaegre
models may not seem readily available, making it difficult for the applezhreher to
correctly address this issue. However, depending on the assumptions thatleyéhere
are econometric approaches that the researcher can undertake.

This paper provides a guide for researchers facing this issue in exnwoidk.
We summarize current econometric methods which can be used to address the specifi
challenge of estimating an econometric model with a count outcome and binary
endogenous treatment variable. We present various approaches and outline the
underlying assumptions, advantages and disadvantages, and empirical applications of
each. These methods are then applied to estimate a health production function, where the
number of days an individual spends sick as a result of exposure to wildfire smoke
depends on pollution levels, various exogenous factors, as well as an endogenous binary
treatment variable, specifically whether or not a home air cleaneusealsto minimize
exposure to the wildfire smoke. This study addresses endogeneity stemmirtigefrom
common cause of unobserved heterogeneity.

In Section Il we present three classes of econometric approaches that can be
employed to address endogeneity in this framework; Section Ill prekergpecific
application of these approaches and comparisons across models in the contextlof a heal
production function using primary data from California’s Station Fire of 2009;delfi

outlines conclusions.
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[I. ECONOMETRIC APPROACHES

The dependent variable in the model is assumed to take on only nonnegative
integer valuesy = 0,1,2,...), so we start with a count data regression model. Unobserved
heterogeneity is represented by specifying a multiplicative &gro in addition to a
random error component. An additive error term could also be specified however, the
multiplicative error term treats unobserved and observed heterogeyraityetrically,
which is likely an accurate treatment if the endogeneity is assumeshtdrsim
unobserved variables. Taking title individual from random sample | = {1...n}, this
model has conditional mean:

i = Elyi | %, di ] = exp(x's + ydi + In(l))+ei = exp(X' g + yd)li + & (5.1)
wherex; is a vector of observed exogenous covariakes,the endogenous treatment
variable l; is the multiplicative error terng is the random error term, aficandy are the
parameter coefficients to be estimat®&ollowing Winkelmann (2008), endogeneity of
the binary treatment variabteimplies that this variable is correlated with the
unobserved multiplicative error term sd;§[d] is not a constant but rather a function of
d. We have:

corr(d; l;}) #0and (5.2)

E[yi | x,d] #exp (X5 + yd)
Ignoring the correlation betweehandl; and estimating a standard count data regression
model such as Poisson or negative binomial would bias the estimated parameters of the

model.

18 For ease of notation, we assume a single endogergressor throughout.
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Two Stage Estimation Approaches

The applied researcher faced with the issue of estimating an econometric model
with a binary endogenous treatment variable and a count health outcome may bd tempt
to employ a standard two-stage instrumental variables approach. This nonlaleguan
to two-stage least squares would involve: (a) estimating a reduced form binary
probability regression model (such as a probit or logit) by regressingdbgemous
variable on a set of appropriate instrumental variables and all other exogenahkesari
in the model and (b) replacing the endogenous variable with its predicted value fom thi
reduced form equation in the second stage nonlinear model for the count health outcome
(such as a Poisson or negative binontial).

However, while this approach has been widely used in empirical research,
especially health economic studies (see Terza et al., 2008 for a completéksteof
applications), in general it will not produce consistent results (Windmeijer araj Sil
1997; Wooldridge, 2002; Terza et al., 2008; Winkelmann, 2008). Replacing a nonlinear
endogenous covariate with the predicted values from first stage estimmathe same
nonlinear function in a second stage estimation has been referred to as a forbidden
regression (Wooldridge, 2002).

Terza et al. (2008) refer to this method as two-stage predictor substitut®)(2S
and outline why applying this approach will typically result in inconsistermnpater

estimates in a general parametric framework. To see why, it helgsttovgh an

9 While there is a whole literature dedicated to tdmmstitutes a good set of instrumental variatitesy
should generally satisfy three conditions: 1. Theguld not be correlated with the error term of the
outcome equation. 2. They should be sufficientlyelated with the endogenous variable. 3. For
identification purposes, there should be at leashany instrumental variables as there are endageno
covariates.
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explanation of how and why two-stage least squaoesresult in consistent parameter

estimates in a linear framework. Assume we begin with the following model:

Vi = Elyi [ % Wi [] = X8+ ywi +l; + & (5.3)

and corr; 1) #0
wherey; andw; are continuous variables and the correlation betweandl; is the
source of endogeneity. Simple OLS would cause the error term g WwWhich is
correlated with the endogenous variable, thus introducing bias in all estimated
coefficients. To address this endogeneity in a two stage least squaresdrintiee first
stage reduced form model would be:

W=Xi0+Z a+l (5.4)
wherex; represents a vector of observed exogenous covariates in the entire system of
equationsg represents an appropriate set of instrumental variablds thedandom
error term. OLS estimation results in residuals from this first stagression that are
uncorrelated with the endogenous variable and all other covariates in the. Syrstism

W = Wi + [ (5.5)

The endogenous variable in the outcome equation is replaced by its predicted value from
this first stage regression model, which includes a random error componewpthiege

that affects the endogenous variable but is omitted). The second stage srgrestd

be:

Vi= & p+y Wi+ h)+(li + &) (5.6)
Since this equation is linear, this becomes:

Vi= 2 B+ywi+ (l+i +e) (5.7)
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Two stage least squares results in an additively separable error teh@m éat¢come
equation that is no longer correlated with the endogenous variable or the exogenous
covariates. The endogenous variable has been purged of the influence of the outcome
equation error term, the unobserved heterogeneity complpn@&siulting in unbiased and
consistent coefficient estimates.

However, directly applying two stage least squares reasoning when either the
outcome equation or the endogenous variable is nonlinear will typically result in biased
coefficient estimates and the bias does not dissipate as the sampleggei$-tar
instance, if the outcome variabjgs a count, we start with equation (5.1). As explained
in Terza et al. (2008), the general problem with applying this reasoning to agaonli
framework is that neithed; nor |; would be additive because they would be inside the
exponential function. They could not simply be pulled out of the function to become part
of the error term in the outcome equation, these error components are not additively
separable like they are in the linear case.

Winkelmann (2008) outlines a very specific situation where estimation in stages
may result in consistent second stage parameter estimates for thenodehtThis
requires the strong assumptions of a recursive system of equations, eelilveadrform
regression model for the endogenous variable, and full independence of the first stage
residuals () and the instrumental variabl€). These assumptions are ruled out if the
endogenous variable of interest is binary (Wooldridge, 1997; Winkelmann, 2008),
meaning two stage predictor substitution will never result in consistent esgtiofa

second stage coefficients in the case of a count outcome and binary endogenous
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covariate’® See Terza et al. (2008) for a formal treatment of the consistency properties of
this estimator and the degree of biasedness that can result from its application

However, Terza et al. (2008) outline a two stage estimation approach referred to
as two-stage residual inclusion (2SRI) which will provide consistent paaesitmates
in a general nonlinear framework. To see why, begin with the model for a dependent
count variabley; and endogenous binary regresshr,

Yi = Elyi | % Wi [] = exp(x’ S + ydi +li)+e; (5.8)

and corr @i 1)) #0
Given an appropriate set of instrumental variables, the reduced form of the endogenous
binary variable is as follows:

d=dXd+za)+l (5.9)
where® is the standard normal pdf. This model can be estimated as a probit regression
and the predicted value dfcan be calculated. The residuals of this model can be defined
as:

li=di- D(X0 + 2 a) (5.10)
By maintaining the original endogenous covariate in the second stage iegeesb
incorporating the first stage residuals from equation (5.10) the second stageebe

Yi = exp(x B + ydi + Alj) + K (5.11)
where é°is the error term from this two-stage estimator. Estimating equation (5.11) as

a standard count data model will result in consistent parameter estgivateshis model

2 Another approach is to ignore the count naturéaefdependent variable in the outcome equation and
estimate a linear second stage with the endogerauasiate replaced with the fitted values from fihgt
stage regression. This will result in consistemap@eter estimates for the second stage even firthe
stage is nonlinear (see Heckman, 1978; Dubin anéadden, 1984; Mullahy and Portney, 1990 for
examples for the specific case of a binary endogenegressor). However, little can be said for eateu
inferences in this situation.

124



specification. The first stage predicted residiigisovide a consistent estimate of the
unobserved variables whose correlation wjtivas the cause of tlendogeneity. Since
shows up directly in equation (5.8), substituting these predicted residuals in for the
unobservable confounders corrects for the endogeneity and will result in aunsiste
parameter estimates. This requires that the instrumental vazalaes uncorrelated with

li. Terza et al. (2008) shows this in a general nonlinear framework and outlines tae form
consistency properties of this estimator. This method has been applied in a number of
studies with a nonlinear econometric framework (Burnett, 1997; Shea et al., 26097; Fa
et al., 2010). Due to the two stage approach, standard errors will be underestirdated a
should be corrected.

However, it has been noted that the 2SRI approach may not always estimate
consistent parameter estimates in the specific model that consistsurftalependent
variable and binary endogenous covariate (Staub, 2009), depending on the form of the
model. In Terza et al.’s (2008) specification, the first stage resijsalsw up directly in
the outcome equation (5.8), however, Wooldridge (2002) and others outline the same
model with different assumptions, namely that the error term in equation (5.9) does not
show up directly in equation (5.8). For instance we may have:

d=dXo+z a)+v (5.12)

In this case, correcting for endogeneity and estimating consistent noeffetients

requires full independence of the instrumental variailesd the random error ternn
(Wooldridge, 2002), a much stronger assumption than that of uncorrelatedness required
in the model of Terza et al. (2008). This assumption of full independence would never be

satisfied for a binary endogenous variable since any type of binary model for the
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endogenous covariate would produce an error term that is heteroskedastic, not fully
independent of the instrumental variables. If this model is followed, any tg® sta
approach, be it 2SPS or 2SR, will not result in consistent estimates of segend sta
coefficients in the case of a count outcome variable and binary endogenoustebvaria
Thus, the 2SRI method may produce consistent parameter estimates for the
specific case of a count dependent and binary endogenous covariate depending on what
assumptions of the model are made. Regardless, the 2SRI method was originally
proposed by Hausman (1978) as a means of testing for endogeneity and iibgilée

a valid test of endogeneity in this framework (Staub, 2009)

Nonlinear Instrumental Variables Estimation Approach (GMM)

A second approach to addressing endogeneity in a count data regression model
with a binary endogenous regressor is to implement a nonlinear instrumentalegaria
estimation approach based on the work of Mullahy (1997). Again assuming a
multiplicative error term to represent the unobserved heterogeneityhatis
potentially correlated with a binary covariate we have:

Yi=E[yi| % dil]=exp(xs+ yd)i+e (5.13)

and corr @i 1)) #0
This approach requires that there exist a set of instrumental variatiethat

Ele|x d,z]=0and (5.14)

E [li | z] =1 (normalized to 1, the key is that it is not a functio of

2L We graciously thank Dr. Rainer Winkelmann for &ssistance on clarifying this matter.
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Recall, any solution to the endogeneity issue that results in consistent {earestienates
of the outcome equation will purge the endogenous variable of the influence of the
outcome equation error term. Mullahy (1997) proposes a transformation of equation
(5.13) to obtain a residual function where the unobserved heterogeneityigerm
additively separable from (and thus not correlated with) the binary endogenousteovari

di. This results in the following moment condition:

Elilz] =1 ie El ey 114=0 (5.15)

Nonlinear instrumental variables estimation techniques can then be apphed to t
transformed residual function to obtain consistent parameter estimatesh/1097)
and Windmeijer and Silva (1997) recommend a generalized method of moments (GMM)
estimator. This approach adequately corrects for the endogenous treanadie and
requires very few assumptions, only that the model has an exponential mean and there
exists a strong set of instrumental variables. In addition, if there asinsdruments
than endogenous variables, tests for over-identification can be applied. Wooldridge
(1997) explains that to implement this method, no assumptions about the distribution of
the endogenous covariate given the instrumental variables, other than a staridard ra
condition for identification, need to be met. Thus, the researcher does not need to assume
independence of the error term and the instruments in the reduced form for the
endogenous variable.

This model can also be specified with an additive unobserved heterogeneity
component (see Windmeijer and Silva, 1997 and Winkelmann, 2008). Windmeijer and
Silva (1997) explain that when endogeneity is present, the instrumental variaaes us

estimation will not in general be orthogonal to both a multiplicative and additwe er
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term specification. Determining which specification should be implementedectested
using a standard test of overidentifying restrictions when there ainsbruments than
endogenous variables (Windmeijer and Sif7dp addition, the predicted value of the
endogenous variable from a reduced form first stage binary model can be used as an
additional instrument in the GMM estimation.

Applications of this approach addressing endogeneity of a continuous covariate in
a count data framework include Mullahy (1997), who looks at the effect of the stock of
smoking habits over time, a lagged endogenous variable, on the demand for cigarettes
and estimates a birthweight production function where maternal smoking during
pregnancy is assumed to be endogenous. Dickie (2005) estimates a health production
function for school absences due to illness where the number of school absences and
doctor visits in the past year, as well as the months since the child’eéakup and the
number of children in the household, are endogenous. Other examples include Andersson
et al. (2009) who estimate the effect of the number of university-based resgarche
productivity and innovation in local areas.

Examples with a binary endogenous covariate and a count dependent variable
include Windmeijer and Silva (1997) who estimate a model of the number of visits to a
doctor in the last month which includes an endogenous binary regressor of self-reported
health status, Vera-Hernandez (1999) who models the demand for doctor visits where the
choice of duplicate insurance coverage is endogenous and Schellhorn (2001), who looks

at the effect of the choice of health insurance deductable on physician visie. tual

22 5ee Terza (2006) for an explanation of the potkbiies that can arise from applying GMM based on a
wrongly specified non-symmetric model.
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stage approaches, this nonlinear instrumental variable approach is fenobigh to
accommodate binary endogenous regressors in a count data model. There igiderser w
Stata commandypois, based on this method and written by Nichols (2007) which can be
used to estimate any exponential regression model with endogenous regresaartand ¢
specified with a multiplicative or additive error term. However, the flagyif GMM

can lead to some drawbacks such as a loss of efficiency in parametetesstifugther,

there has been a significant amount of literature on the need for a large Saenfue s

consistent GMM estimation.

Full Information Maximum Likelihood (FIML) Approaches

Maximum Simulated Likelihood

Another econometric method which can be applied to look at the effect of an
endogenous treatment variable on a count outcome of interest is a full information
maximum simulated likelihood approach, based on stronger assumptions than a GMM
approach. Deb and Trivedi (2006a,b) develop a joint model of count outcome and binary
treatment (a special case of their multinomial treatment exampleaccounts for
endogeneity arising from correlated unobserved heterogeneity in the outcdme a
treatment equation. They generate correlated errors by incorpoedgngfiactors into
both the treatment and outcome equations, thus obtaining an appropriate joint
distribution. Their model has the following outcome and treatment equations:

Yi* = xif + ydi +l; + & (5.16)

d* = zja+ dli+ p (5.17)
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wherex; is a vector of exogenous variables dnig the endogenous treatment variable in
the outcome equation, with associated paramgtarsly. z; is a vector of exogenous
variables in the treatment equation, with associated parameté&hse error term in each
equation is partitioned into latent factérand an independently distributed random error
term. The latent factors represent unobserved individual specific chatazsevisich
affect both choice of treatment and health outcome. They have associated gravamet
ando, referred to as factor loadings. The observed random outcome variabtethe
observed endogenous treatment varidbtan then be modeled using appropriate
distribution functiond andg as follows:

PriYi=yi| %, &, ] =f(x;8+ ydi + I)) (5.18)

Pridi=1]z ] =9 (zia+dl) (5.19)
While the random error termg,andy; are assumed to be uncorrelated, incorporating the
unknown latent factors results in correlated composite error tetmse) and l; + 7;).
The joint distribution of treatment and outcome variables can then be specified as
follows:

PriYi=yi d =1]x, 3 ] =f(x;8+yd+al)*g (zja + dl)) (5.20)
Although the latent factodsare unknown, the authors assume their distributien
known and integrate it out of the joint density as follows:

PriYi=yi, d =1]x, 2] = [[f(x}f+yd+ah)*g (zja+ o) *h(iy) dli (5.21)
The unknown parameters of this model could be estimated by maximum likelihood.
However, the integral does not have a closed form solution, so the authors apply
simulation-based estimation to evaluate the integral (Gourieroux and Monfont, 1996),

replacing the expectation with a simulated sample analogue such that:
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~ 1 ! 7 ! 7
PriYi=yi, d =1]x%, 2] =+ Xeaalf (6B +vdi + Alis) * g(zia + 61;)] (5.22)
where PT is the simulated probability and Jisis thes™ draw from a total of S draws of a

pseudo-random number from dengityThe simulated log-likelihood function becomes:

In Ly, 6 [ %, 2) = 2y In [ Z5_,{F (X3B + vd; + Alis) * g2 + 8l5)}] (5.23)

The estimator maximizes the average simulated log likelihood function, vghich i
equivalent to maximizing the log-likelihood function if enough simulation draws are
used. In order to increase the speed of simulation, the model uses quasi-random draws
based on Halton sequences.

This approach is more parametric and based on stronger assumptions of
maximum likelihood than the GMM approach. Full information maximum likelihood
methods are also more efficient than two stage approaches and do not requimeeatijust
of standard errors. Deb and Trivedi (2006a,b) explain the benefits of using a let@nt fa
structure to generate correlated errors. These include being ablect@ig a joint
distribution of treatment and outcome variables despite them not having a closed-form
representation, and the ease of interpreting the factor loadings in the same way
coefficient on an observed covariate is (Deb and Trivedi, 2006a,b). The statistical
significance of the coefficients on the latent factors confirms whetharserved
heteroegenity is present.

Deb and Trivedi (2006a) apply this model to estimate the effect of health
insurance plan, an endogenous treatment variable, on the utilization of health care
services. Deb and Seck (2009) apply it to measure the effects of migration on a wide
range of variables. The downside of this approach lies in the difficultytiofad®n

compared to other approaches (Cameron and Trivedi, 2005). Another potential
131



disadvantage is that the correlation between the endogenous covariate arat teener

of the outcome equation due to latent factors is restricted to be less than bradDe
Trivedi, 2006b). There is a user written Stata commeeatreg2(Deb and Trivedi, 2006

a,b) to estimate this model. The dependent variable can be specified as negatiied binom

or gamma distributed with an endogenous binary treatment variable.

Endogenous Switching Models

A second full information maximum likelihood approach is the endogenous
switching model, first outlined in Roy (1951) and later presented in Maddala (1983) and
Amemiya (1985). Endogenous switching models are typically applied to adaess t
common challenges in econometric models — sample selection and binary endogenous
variables. The focus of this paper is on the latter, the effect of a binamerggregime
switch variable) on a count health outcome in the presence of correlated unobserved
factors which affect both treatment and outcome, i.e. the endogeneity prokelaa. T
(1998) and Miranda (2004) outline this full information maximum likelihood approach
where a count dependent varialylejs dependent on a potentially endogenous binary
variable,d;, a vector of exogenous explanatory varialskesand a random error
componentg. Assuming the model has a count outcome and following closely the work
of Winkelmann (2008), the conditional mearygas:

Yi = exp(X B+ ydi+ l)+e; (5.24)

The error term; represents the unobserved heterogeneity component, incorporating
omitted variables. The binary treatment variabis observed as follows:

d; = {1 if zia+v; >0 (5.25)

0 otherwise
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wherez represents a set of exogenous variables with associated paramatelhg is
the random error term. The error terir@ndy; are independent of andz but correlated
with one another (thus the endogeneity). The joint conditional pghafid; can be
specified as:
fi,dlx,2)=f(ild,x,2)f(d]x,3)
=7 fOildyxizi, 1) £(d; |x, 2, 1) g(1)dl (5.26)
The joint distribution of; andy; is assumed to be normal with mean 0 and covariance

matrix:

(5, ) 520

The correlation parametgrincorporates the dependence of equations (5.24) and (5.25)
and will take on a value between -1 and 1. Next, a conditional distribution needs to be
specified for the outcome and treatment variables. For instafyéd , %, z, l)) can be
specified as having a Poisson distribution. We khay| X , Z, I;) will be a binary

model which is now conditional dnand determined biy(l; | ). Lastly, g(l;) has a

normal distribution with mean 0 and variarcée The joint pdf ofy; andd; can be re-

written as:
fo,aIx,2z) =) fOild,x, 1) @1, z)%1 — &* (U, z)]*~%g(l)dl (5.28)

where®; (1, z;) = D( —Zij//:_—l;l;/a)

The integral in equation (5.28) can be approximated using Gauss-Hermite quadesure (
Abramowitz and Stegun, 1972; Butler and Moffitt, 1982). This model is fully parametric

and the log-likelihood function for sample size n is as follows:

InL =% In{f(y;, d; | x;,2;)} (5.29)
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This full information maximum likelihood method allows for joint determination of the
endogenous treatment and outcome variables. It is based on information about the entire
system of equations, and given normally distributed error terms, full infanmati

maximum likelihood will be efficient among all estimators (Greene, 2003 p. 46&). T
drawback of this approach is again the burden of estimation (Terza, 1998). However,
with increased computing power this is no longer such a problem. Applications of
endogenous switching models can be found in Kenkel and Terza (2001) and Schellhorn
(2002). Miranda (2004) has written a Stata commaspoissonwhich will estimate this

model assuming a Poisson distribution for the outcome variable.

Other Approaches

Other approaches to addressing endogeneity of a binary variable in a count data
model which will not be applied in this study include a two-stage pseudo-likelihood
approach where the binary endogenous covariate is assumed to be some proxy for an
unobserved continuous latent variable (see Heckman, 1978; Windmiejer\andlS87).
In addition, Terza (1998) implements a two-stage method of moments and a nonlinear
weighted least squares procedure which are both also applied in Schellhorn (2002).
Further, the endogeneity could arise due to sample selection in addition to unobserved
heterogeneity. While this paper does not go into detail about potential renmeithiss i
situation, see Bratti and Miranda (2010) for a good discussion on methods to address both

types of endogeneity simultaneously.
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lll. EMPIRICAL APPLICATION: ESTIMATION OF A HEALTH
PRODUCTION FUNCTION

Theoretical Model

Beginning with the work of Grossman (1972), there is a widely accepted notion in
the field of health economics that individuals act as “producers” of their own golbidl. hea
While a negative health outcome is assumed to enter an individual’s utility function
directly, this outcome is often not exogenous, but rather depends in part on the
investments of time and money individuals make in activities that can affect its
production. This health production framework provides a basis for the defensive behavior
method, a revealed preference approach often used in the field of non-markevatuat
infer the individual value of a reduction in the health symptoms that result from exposure
to an environmental contaminant. To derive this value, the researcher needeadteesti
health production function as follows:

S=S(P,D,2 (5.30)
The negative health outp8tis often modeled as the number of days an individual spends
sick and is a function of pollution leves exogenous factors that could affect the time
spent sick such as the individual’s stock of health, lifestyle factors and dgphagr
factorsz, as well as any defensive actions taken by the individual to decrease ¢his tim
spent sickD. Defensive actions include those that are taken to decrease the chance of
being exposed to some pollutant that causes the negative health outcome or the health
outcome itself, such as staying indoors or using an air cleaner in the honed|, &s
those that are taken after experiencing the health outcome in an efforigtteriis

negative effects, such as going to the doctor or taking medications. It casubeed that
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sick time is increasing in exposure to the pollutant and decreasing in deferisins.ac
The researcher is often interested in calculating the individual willisgogsay for a
reduction in time spent sick, which can be calculated as follows:

-pp / (6SkD) (5.31)

The marginal value of reduced time spent sick is equivalent to the price of angidef

action divided by the marginal effect of the use of that defemsitten on symptom days.
The main econometric challenge to estimating this model lies in the potential

endogeneity of the defensive action variables. As explained by Dickie (2003, p.425)

“Unobserved factors affecting health outcomes will be correlated with unotddanters

affecting choices of health input. Ignoring this simultaneity results irtiasd

inconsistent estimators of parameters of the health production function.” busner

studies estimating health production functions in the context of the defensive behavior

method have expressed the importance of this issue (Gerking and Stanley, 1986t Joyce

al., 1989; Alberini et al., 1996; Bresnahan et al., 1997; Dasgupta, 2004; Dickie, 2005).

Data and Econometric Model

A survey of residents exposed to unhealthy levels of air quality during
California’s Station Fire of 2009 provided the data for this study. We referaterreo
Chapter 2 for a complete description of the study area, survey design, datdagland
sample statistics for this study. The negative health outcome experiemedeled as
the number of symptom days experienced as a direct result of exposure to tine wildf
smoke, which is a count variable. The defensive action variable is modeled aya binar

variable, leading to the following model specification:
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Yi = Elyi | % Wi [] = exp(x’ S + ydi +li)+e; (5.32)
and corr @i 1)) #0
wherey; is the number of symptom days experienckd the potentially endogenous
binary defensive action covariate, ands a vector of all exogenous variables which
could affect the number of symptom days experienced.

Preliminary analyses of the data indicate a few things. First, the ofi¢lae
dependent variable is 3.28 and the variance is 36.67, meaning the raw data suffers from
over-dispersion. The presence of over-dispersion is confirmed by comparing-the lo
likelihood from both a Poisson and negative binomial model. A likelihood-ratio chi-
square test is used to test whether the dispersion parameter is equal to sdest Thi
statistic has a value of 157.26 and is statistically significant at the 1%daggesting
that over-dispersion is present.

Second, the only defensive action variable that has a negative and statistically
significant effect on the number of symptom days experienced is using a hareaaer,
a potentially endogenous variable. There are possible unobserved factorstidllt pa
affect the choice to use a home air cleaner and simultaneously affect threnoewf
symptom days resulting from exposure to the wildfire smoke, meaning the chose &
home air cleaner is likely correlated with the error term of the symptoragistion.

This unobserved heterogeneity may cause positive or negative correlation and could
reflect un-captured effects such as risk preferences or possibly sonsppsédn to
getting sick. For instance, those individuals who are more risk-averse or veapnbee
experience with wildfires could be more likely to use an air cleaner tomzimiexposure

to the wildfire smoke but in addition, they may takkanyprecautions that are not
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captured in the model, causing them to also experience less symptom days. This would

reflect negative correlation. On the other hand, there may be unobserv#tiie ttaat

increase the likelihood of using a home air cleaner and simultaneously increase the

number of symptom days experienced. This could reflect some underlying and un-

captured predisposition to getting sick. If individuals know that they tend to experie

health effects when exposed to a pollutant like wildfire smoke, they may be more

inclined to use a home air cleaner to prevent this but may also be more likely to

experience a greater number of symptom days. Therefore, it is not clébewhe

estimates of the partial effect of using an air cleaner on symptom dbals Wiased

upward or downward in the health production function if the endogeneity of this choice

variable is not accounted for. The data used to estimate the health production function

can be found in Table 5.1.

TABLE 5.1

Variables and Summary Statistics
Variable Coding Mean Std. Dev. Min Max
Pollution Levels
Days smoke smelled outdoors 3=1-5 days; 8=6-10 dE8rsI1-15 days; 16=more than 15 days 7.77 4.91 16
Days smoke smelled indoors 3=1-5 days; 8=6-10 da¥s11-15 days; 16=more than 15 days 3.43 4.21 16
lliness Information
Symptom days count 3.28 6.06 0 45
Ear, nose or throat symptoms 1=yes, 0=no 0.36 0.48 [o] 1
Breathing Symptoms 1=yes, 0O=no 0.18 0.39 0 1
Heart Symptoms 1=yes, 0=no 0.04 0.20 0] 1
Other symptoms 1=yes, 0=no 0.09 0.28 [o] 1
Health History
Current respiratory condition 1=yes, 0=no 0.12 0.32 0 1
Experienced health effects from wildfire
smoke in past 1=yes, 0=no 0.24 0.42 0 1
Health and Lifestyle
Hours per week of outdoor recreation continuous 4.95 7.11 0 77
Demogaraphics
Male 1=male, O=female 0.60 0.49 0 1
Marriec 1=yes, 0=n 0.6¢ 0.4¢ o] 1
Age continuous 59.11 15.37 24 94
Graduate school graduate 1=yes, 0=no 0.20 0.40 0 1
College graduate 1=yes, 0= no 0.62 0.49 0 1
Employed part-time 1=yes, O=no 0.08 0.27 0 1
Lives in Duarte 1=yes, 0= no 0.13 0.34 o] 1
Lives in Burbank 1=yes, 0O=no 0.19 0.40 0 1
Lives in Glendora 1=yes, 0= no 0.40 0.49 o] 1
Defensive Action
Home air cleaner 1=yes, 0O=no 0.21 0.41 0 1
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Choice of Instrumental Variables

To test for the endogeneity of using a home air cleaner, as well as toniemple
many of the econometric remedies, there first needs to exist a set abregpr
instrumental variables that directly affect the decision to use a horwleaner, but do
not directly affect the number of symptom days experienced. The choicesef the
variables is somewhat subjective, but Dickie (2003) recommends variables susdeas
income, prices of defensive activities, and other demographic or attitudireddlearthat
could affect the decision to undertake a defensive action. Five variablesiadetd be

potentially sufficient instrumental variables in this framework and arenedtin Table

5.2.
TABLE 5.2
Potential Instrumental Variables for the Reduced Form Probit Model
Variable Coding
Believes that smoke can affect health 1=yes,0=no
Believes that defensive actions are effective dticéng health effects 1=yes, 0=no
Heard or read about health effects of wildfire senok 1=yes, 0=no
Income continuous
Employed full-time 1=yes,0=no

The potentially endogenous variable “Home air cleaner” is regressed on all
exogenous variables in the system, as well as the five potential instrumeiatalegan a
probit regression model. Instrumental variables should be sufficiently dedeléh the
endogenous variable but orthogonal to the error process of the outcome equation. To test
the first requirement, t-tests of statistical significance as welhaF-test of the joint
significance of the potential instrumental variables can be implementpbdirule of

thumb is that for a single endogenous regressor, an F test statistic on the msirume
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variable coefficients of less than ten signifies the presence of wealknesits (Staiger
and Stock, 1997; Stock and Yogo, 2005). Four of the five potential instrumental variables
(all but “Heard or read about health effects of wildfire smoke”) are found to be
individually significant in determining the predicted probability of “Hoanecleaner” at
standard significance levels. A likelihood ratio test of the joint sigméieaof these four
instruments is 13.43 with a p-value of 0.009, indicating that weak identification is not an
issue”

Testing whether the instrumental variables are orthogonal to the errespran
be done if the model is over-identified. This test is referred to as thésficstzEtHansen
(1982) in a GMM framework and based on Sargan (1958) in an instrumental variable
framework. An informal test of this requirement is to regress the dependefitiear
“Symptom days” on all exogenous variables including the excluded instrumental
variables and test the joint significance of the instrumental variables.€eBhissrin a
likelihood ratio test statistic of the joint significance of these varsatl.91 with a p-
value of 0.57, with none being individually significant. This test indicates that whde the
instrumental variables directly affect the use of a home air cleangiddheot directly
affect the expected number of symptom days experienced and thus they make good

instruments.

Results
The results of a negative binomial model uncorrected for endogeneity, the two-

stage predictor substitution and two-stage residual inclusion modelsnéralgeed

3 |t should be noted that the presence of weak iiitsation can result in biased parameter estimates
(Bound et al., 1995; Staiger and Stock, 1997)
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method of moments instrumental variable estimator, and the two FIML techniques
including the maximum simulated likelihood and endogenous switching models, are
shown in Table 5.3. Standard errors were adjusted by bootstrapping for thegevo sta
approaches. For the maximum simulated likelihood model, two thousand simulation
draws were used based on recommendations from Deb and Trivedi (2006a) and robust
standard errors which take simulation error into account are reported. Fodtdgeerous
switching model, forty quadrature points were used in the numerical approximatien of
integral, as allowing for more did not change the log likelihood or estimatewh @tens.

The negative binomial model 1, uncorrected for potential endogeneity of using a
home air cleaner, results in a positive coefficient on “Home air cleanewever, this
variable does not have an actual effect on expected symptom days in this madel as it
coefficient is not significant at standard significance levels with dyewa 0.407. In the
two-stage predictor substitution model 2, which includes the predicted value of “Home
air cleaner” but has been shown to be inconsistent in a general nonlinear framework
(Terza et al., 2008), the sign on “Home air cleaner” changes to a negative with a
coefficient of -1.138 but this variable has a p-value of 0.112 so it is not quite significant

at the 10% level.
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TABLE 5.3
Health Production Function Estimates for Number of Symptom Days

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6
Maximun
Negative Simulated Endogenous
Variable Binomial 2SPS 2SRI GMM Likelihood® Switching®
Constant -3.333*** -3.27%** -3.277** -3.359*** -3.627*** -3.608* **
(standard error) (0.392) (0.565) (0.581) (0.394) (0.549) (0.437)
Days smoke smelled outdoors 0.082*** 0.091*** 0.093*** 0.088*** 0.094*** 0.098***
(0.014) (0.020) (0.018) (0.018) (0.014) (0.016)
Days smoke smelled indoors 0.018 0.028* 0.027* 0.029** .020 0.028*
(0.014) (0.015) (0.014) (0.014) (0.020) (0.016)
Ear, nose or throat symptoms 3.201*** 3.290*** 3.285** 2.917%** 3.487*** 3.439***
0.177) (0.362) (0.326) (0.405) (0.310) (0.211)
Breathing symptoms 0.856*** 0.840*** 0.831*** 0.569*** FO5*** 0.728***
-(0.141) -(0.212) -(0.215) -(0.153) -(0.183) -(0.156)
Other symptoms 0.303* 0.711** 0.739** 0.443* 0.564** 0BT*
(0.163) (0.338) (0.313) (0.264) (0.270) (0.189)
Current respiratory condition -0.267 -0.290 -0.270 0R.2 0.041 -0.189
(0.166) (0.205) (0.200) (0.146) (0.154) (0.174)
Experienced health effects from wildfire smoke asp 0.200 0.284 0.277 0.132 0.180 0.234
(0.132) (0.193) (0.195) (0.120) (0.213) (0.151)
Hours per week of outdoor recreation -0.033*** -0.037** -0.037*** -0.010 -0.030%* -0.027**
(0.012) (0.014) (0.015) (0.010) (0.014) (0.012)
Male -0.321** -0.367** -0.358** -0.248 -0.329** -0.391**
(0.142) (0.166) (0.170) (0.175) (0.154) (0.153)
Married -0.430*** -0.348** -0.328** -0.400*** -0.362** -0.279*
(0.139) (0.167) (0.156) (0.121) (0.157) (0.156)
Age 0.014*** 0.013** 0.013** 0.018*** 0.012** 0.012**
(0.004) (0.006) (0.006) (0.004) (0.006) (0.005)
Graduate school graduate -0.264* -0.223 -0.204 -0.135 .2040 -0.196
(0.155) (0.176) (0.166) (0.133) (0.156) (0.170)
College graduate 0.488*** 0.509*** 0.510*** 0.526*** 0. AL+ 0.489***
(0.143) (0.168) (0.174) (0.158) (0.159) (0.154)
Employed part-time 0.547** 0.590 0.597 0.322 0.494 0.460*
(0.224) (0.392) (0.390) (0.215) (0.486) (0.262)
Lives in Duarte 0.493*** 0.450 0.450 0.102 0.399* 0.306
(0.190) (0.292) (0.292) (0.297) (0.217) (0.218)
Lives in Glendora 0.281* 0.434** 0.424** 0.305* 0.346* JH7**
(0.152) (0.176) (0.188) (0.165) (0.178) (0.168)
Lives in Burbank 0.207 0.363** 0.368** 0.360** 0.338** B67**
(0.167) (0.183) (0.191) (0.169) (0.166) (0.181)
Home air cleanér 0.108 -1.138 -1.215* -0.404 -0.729%** -0.960***
(0.130) (0.716) (0.682) (0.617) (0.169) 0.273)
Home air cleaner residuals 1.414**
(0.703)
N= 402 376 376 376 376 376
Log Likelihood -522.96 -506.27 -505.19 -653.25 -653.29
lamda (latent factor) 0.757***
Inalpha -13.589**
sigma 0.787***
rho 0.833***

a . .

- potentially endogenous variable
®_ estimated using Stata 11.0 command treatreg?2 @ebTrivedi, 2006b)
© - estimated using Stata 11.0 command espoissaarfhiia, 2004)

*: p<0.10, **: p<0.05, **: p<0.01
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The two-stage residual inclusion estimation procedure may result in eonsist
parameter estimates depending on how the unobserved heterogeneity entersrthefsyst
equations, as described in Section Il. However, it will definitely provide astensand
relatively simple test of endogeneity in this nonlinear frameworluf5t009). If the
included residuals of the reduced form equation for the endogenous variable are
significant, this is an indication of the presence of endogeneity of that variable. The
coefficient on “Home air cleaner” in model 3 has a p-value of 0.075 and the coefficient
on the residual has a p-value of 0.044. Thus, while it appears that the variable is
endogenous, it is significant at only the 10% level. A Hausman specificatioh test i
carried out to further test whether “Home air cleaner” is endogenous by cogbe
coefficients of the uncorrected negative binomial model 1 with those of the two-stage
residual inclusion model 3. The null hypothesis of this test is that both estimators ar
consistent but only the uncorrected negative binomial model is efficient. Thits iesa
test statistic, distributed chi-square, of 93.52, with a p-value of 0.00001, confirming that
endogeneity is present and the uncorrected model is inconsistent.

The two-step generalized method of moments nonlinear instrumental variable
model 4 results in a negative but insignificant coefficient on the endogenous variable.
The Hansen J test for over-identifying restrictions tests for corredehspecification as
well as the othogonality conditions. Rejecting the null hypothesis impliethihat
instrumental variables do not satisfy the orthogonality conditions necdeséngir use
(Baum et al., 2002). This results in a test statistic of 3.34 (p-value of 0.34) in theeaddi
model and 13.40 (p-value of 0.004) in the multiplicative model, indicating that the set of

instruments used are appropriate for the former and not the latter. Thereddet 4m
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represents the additive specification. This test statistic indicatethéhaull hypothesis
that all instrumental variables are uncorrelated with the error term da@mefected at
standard significance levels. The lack of significance of the endogenocalle&Home
air cleaner” in this model is a consequence of the larger standardpeodused by this
estimation procedure. Recall, this model specifies very few assumptionstabdout t
distribution of the data, and therefore, there will be a loss of efficiency angrissse
parameter estimates. In addition, there is also a tendency for two-stept&péviorm
poorly in small samples (Altonji and Segal, 1996; Wooldridge, 2001; Cameron and
Trivedi 2005), which could also cause misleading results.

In the two full information maximum likelihood models “Home air cleaner” is
negative and statistically significant at the 1% level. In model 5, the poaitid
statistically significant coefficient on the latent factor, lambda, atdethat individuals
who are more likely to use an air cleaner, based on unobserved charactemstiss) a
more likely to experience symptom days. This coefficient is valuable int tt@tfirms
the presence and the direction of the unobserved heterogeneity. This explafagimdy
to account for the unobserved heterogeneity in model 1 makes it appear that using a home
air cleaner has a positive effect on the expected number of symptom dayshénce
underlying latent factors in both the outcome and treatment equation are accoynted f
the accurate effect of using a home air cleaner on the expected number of syiaytom
becomes clear. This allows accurate measurement of the impact of thosesvainoairs
cleaner and those who don’t on sick days. It is quite common for the sign of the
potentially endogenous variable to switch once the bias is corrected for (see Ver

Hernadndez, 1999; Kenkel and Terza, 2001).
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In the endogenous switching model 6, the statistical significance of the
coefficients on sigma and rho indicate the presence of unobserved heterogechéiys
support for the endogenous switching estimation procedure. It is also relatisglioe
compare these results to an exogenous switching model, which can be found in the
Appendix, Table 5.A. The coefficient on “Home air cleaner” changes considanahby
two model specifications and the endogenous specification results in &y dightler
AIC value, suggesting superiority of the endogenous switching model overapenexis
switching model. It should be noted that this model is estimated with the Statandmm
espoissonywhich assumes the dependent variable “Symptom days” is Poisson distributed,
for comparison purposes. However, as mentioned previously, the data appears to suffe
from over-dispersion, which can result in overstated significance levels.

When applying the defensive behavior method to value a marginal reduction in
symptom days using equation (5.31), the researcher needs to calculateginalrafiect
of the use of the defensive action variable on expected symptom days. Since these model
assume the dependent variable has an exponential mean, the discrete changeeish expe
count outcome resulting from a change in a binary variabfeoxh 0 to 1 can be
calculated as: [jji)X*=0][exp(¥)-1] where p=exp(X), with all variables except**set at
their sample mean. Dividing the full price of the defensive action varialil@sy
marginal effect gives the resulting willingness to pay value fedaation in one
symptom day. Taking the average of the in-sample reported cost of those individuals who
used a home air cleaner results in a price of $26.93 for this defensive action. The
marginal effect of using a home air cleaner on expected symptom daysuiateal for

each model and the resulting willingness to pay value for a reduction in one symptom day
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is calculated for only those marginal effects which were significastaatiard
significance levels. These values are shown in Table 5.4 below. As can be seen, the
marginal effects vary depending on the chosen model. The negative binomial model
uncorrected for endogeneity of this variable results in a positive mbefieet. The

2SPS and 2SRI models result in smaller (more negative) marginal eff@cthe GMM
and FIML models, and thus smaller willingness to pay values. The two FIML shade!
the GMM estimator have similar marginal effects. Thus, it appearthéhahoice of
model used to correct for the endogeneity of the defensive action variable caa make
large difference for policy recommendations. Figure 5.1 visually shov@béhte
confidence intervals around the marginal effects for each econometric. model

TABLE 5.4
Marginal Effect of Air Cleaner Use on Expected Symptom Days
Marginal Effect  Wilingness to Pay

Negative Binomial 0.067
2SPS -0.547
2SRI -0.584** $46
GMM -0.265
Maximum Simulated Likelihood -0.283*** $95
Enodgenous Switching -0.275*+* $98

1.00 0.985

0.80

0.60

0.40

0.20 0.257 0.243

| | 0.107

0.00 5080

-0.20 -0.179 -0.154

-0.40 -0.357 -0.346

-0.60 -0.638

-0.80 0.742 -0.765

-1.00

Uncorrected 2SPS 2SRI GMM Max. Sim. Endogenous
Likelihood Switching
FIGURE 5.1

95% Confidence Intervals for Marginal Effects
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Comparison of Models

In comparing results across model specifications, there are some calolgider
differences that should be noted. First, failing to correct for the endogenditgrok air
cleaner” results in serious bias in the estimated coefficients, as ebviddrg positive
(but insignificant) coefficient on this variable in the negative binomial modkeilevit
has been shown that a two-stage predictor substitution method will in general riobresul
consistent parameter estimates in a nonlinear framework, two-stage &gsreach as
two-stage residual inclusion can produce consistent parameter estimatas/in m
nonlinear models (Terza et al., 2008). In addition, this approach allows for sintipig tes
of the endogeneity of variables, even in the case of a count dependent vaittable w
potentially endogenous binary covariates. However, a major drawback to two-stage
remedies to endogeneity lies in the loss of efficiency in the paramgteates, as
evident by the considerably larger standard error on “Home air cleaneabla 5.3. In
addition, given the very large difference in the marginal effect producect (A5RI
model compared to the two FIML models, further research should be done to test whether
this model is appropriate for the specific case of a count dependent variablaamyd bi
endogenous covariate.

Generalized method of moments’ approaches to addressing endogeneity in a
nonlinear framework have gained considerable popularity and can be quite desirable
that the researcher does not need to impose hardly any distributional assuraptions t
obtain a consistent estimator. The estimator used here just assumed thatriderdepe
variable had an exponential mean. This estimator is also desirable in timah#ncHe

multiple endogenous regressors, of any distributional form, and easily implepstats t
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of over-identifying restrictions. However, the lack of information used in astm will
result in a loss of precision in the estimated coefficients, especially ehtttgenous
variable of interest, which has been found in other empirical applications (Wiedmeij
and Silva, 1997; Schellhorn, 2002). Another drawback of this approach is that the
endogenous variable of interest is not modeled separately.

The full information maximum likelihood approaches are more parametric than
the GMM procedure and require the imposition of greater distributional assumptions
about the data, but the result is considerable gains in efficiency. Both the maximum
simulated likelihood model and the endogenous switching model allow for correlated
error terms of the endogenous and dependent variable in the model specification and
jointly estimate both equations in the system. Both of these models areedehtibugh
functional form, which means no additional instrumental variables are necessary f
identification, although it is recommended to include at least one. Table 5.3 shows that
the endogenous variable “Home air cleaner” in these two models has a nagdtive
significant effect on the expected number of symptoms days. This indicatdsetigatre
not only efficiency, but also information gains to using a full information maximum
likelihood estimation procedure. These methods are also very robust to changes in
instrumental variables. Finally, these two approaches produced vergrsimaitginal
effects of the defensive action variable on expected symptom days and thus vaflingne
to pay values, even though one assumed a negative binomial distribution for the

dependent variable and the other a Poisson distribution.
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V. CONCLUSIONS

This study has looked at econometric methods used to address the endogeneity of
a binary choice variable in a count data regression model. It is shown both thegreticall
and empirically the bias in parameter estimates that can result frormigytiosi
endogeneity of covariates. Results from this study indicate that a two-stideaf
inclusion approach may not result in consistent parameter estimates$petifec case
of a count data regression model with a binary endogenous covariate. However, this
approach will provide a simple test of endogeneity in this nonlinear framework. A
generalized method of moments’ estimator was also implemented, which canibedspec
with an additive or multiplicative error term and provides a useful approach if the
researcher is unsure of the exact distribution of the outcome or endogenous vadable a
may be best applied with a large sample size. While two-stage residusion and
generalized method of moments’ approaches can achieve consistent parsiined¢es
they will nonetheless result in a loss of efficiency compared to standarchomaxi
likelihood approaches.

By imposing additional distributional assumptions about the data at hand, full
information maximum likelihood methods will achieve the statisticallytraticient
estimator (Miranda, 2004). These methods may also be desirable with a lsetatiaé
sample size as they utilize all the information given and result in moregpassmeter
estimates than two-stage residual inclusion or generalized method ohtsbme
approaches. While the burden of estimation due to lack of computing power has
prevented use of these methods in the past, this is no longer a problem. This study looked

at two full information maximum likelihood estimation procedures, both of which have
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user-written Stata programs that make them simple to implement. If the depende
variable is Poisson distributed, we recommend the sieggeissorstata command and
if it has a negative binomial or gamma distribution, we recommeniiehigeg?2
command. These models also provide coefficient estimates which confirm teeqgares
of unobserved heterogeneity.

Depending on the distributional assumptions that the researcher is comfortable
making, sample size, and the desired efficiency of parameter estithatesare a variety
of estimation approaches to address endogeneity of a binary regressor in count data
models. However, the choice of model used to address this endogeneity should be given
considerable attention, as policy recommendations may change substdapaltying
on which is estimated. While this study looked at one sample of data, future studées c
compare across models using Monte Carlo simulation to gain greater insogimodel

differences for varying sample sizes.
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APPENDIX

TABLE 5.A

Exogenous Switching Model
Variable Coefficient Std. Error
Constant -3.767+** 0.421
Days smoke smelled outdoors 0.091*** 0.015
Days smoke smelled indoors 0.021 0.015
Ear, nose or throat symptoms 3.333*** 0.207
Breathing symptoms 0.755*** 0.141
Other symptoms 0.307* 0.163
Current respiratory condition -0.200 0.165
BExperienced health effects from wildfire smoke asp 0.189 0.139
Hours per week of outdoor recreation -0.028** 0.012
Male -0.308** 0.146
Married -0.431%** 0.146
Age 0.016*** 0.004
Graduate school graduate -0.256 0.164
College graduate 0.467*** 0.148
Employed part-time 0.496** 0.233
Lives in Duarte 0.390* 0.205
Lives in Glendora 0.31* 0.159
Lives in Burbank 0.290 0.177
Home air cleanér 0.030 0.140
N= 376
Log Likelihood -656.260
Wald chf 460.630
Prob > chi 0.000001
sigma -0.451***

a . .
- potentially endogenous variable
* 1<0.10, **: p<0.05, ***: p<0.01
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CHAPTER SIX

Concluding Remarks

This study sought to monetize the full economic cost of health effects from
exposure to wildfire smoke using theoretically correct non-market vatugibhniques.
Data from a mail survey of residents exposed to smoke from CalifornaisrSFire of
2009 indicates that individuals do indeed experience a range of health effects from
wildfire smoke and while a small percentage sought medical care astafekake
damages, a large portion, 89% in this sample, took preventative actions to defend
themselves from this exposure. As a result, the defensive behavior method is found to be
applicable in the case of wildfire smoke exposure. We find that on average, the
expenditures individuals make on actions taken to defend themselves from exposure to
wildfire smoke are larger than the medical costs and lost wages that a commortigde
cost of illness estimate consists of.

As explained by Freeman (2003), a pollutant that affects human health impacts
well-being in four ways: incurred medical expenses and lost wages (the suriclofisv
the cost of illness), expenditures on averting activities taken to avoid the Hesdth, e
and the disutility associated with symptoms or lost leisure. The true valueddi@ion
in a pollutant or the associated health symptoms should consist of all four of these
components. This study attempted to measure as many of these components as possibl

for the specific case of reductions in unhealthy levels of air quality produceddfiye
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smoke. Specifically, by applying the defensive behavior method we measure the
willingness to pay for a reduction in perceived pollution levels as measutad by

number of days wildfire smoke was smelled indoors. Table 6.1 decomposes willingness
to pay values for avoiding 1-5 days of wildfire smoke and avoiding greater vieahafys

of wildfire smoke into the various components that make up this value.

TABLE 6.1
Components of Willingness to Pay for Decreased Pollution (DBM)
Value of Awiding 1-5 Smoky Days Value of Awiding & Smoky Days
Cost of ilness 11.34 Cost of ilness 11.34
Averting expenditures +24.53 Averting expenditures .894
Value of disutility +24.78 Value of disutility +39.77
Wilingness to pay 60.65 Wilingness to pay 106.00

While the value of reduced pollution levels is an interesting measure, itnis ofte
less policy relevant than the value of reduced symptom days from exposure to a pollutant.
A health production function used to implement the defensive behavior method is
estimated and shows that factors such as the number of days wildfire snsokmelzd
inside or outside the home as well as using an air cleaner in the home are important
determinants of the number of symptom days experienced. Information on the defensive
actions individuals took during the wildfire along with the associated expergldnre
market goods was used to infer the value of a reduction in one wildfire smoke induced
symptom day. This is calculated to be $86.87. While endogeneity in a nonlinear
framework is a common challenge to estimating health production functiotieef
defensive behavior method, this study explored a variety of econometric dpgsdac

address the specific case of a binary endogenous regressor in a count data model.
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Responses to a contingent valuation question were also used to infer the value of a
reduction in one wildfire smoke induced symptom day, which is estimated to be $82.82.
Statistical tests comparing these two willingness to pay values tedic they are not
statistically different, providing a test of convergent validity betweetvtbemethods.
Comparing these values to a simple daily cost of illness estimatésrévaiathe
WTP: COl ratio of about two often used in the literature for the specific casaldt he
damages from wildfire smoke exposure may be inaccurate. We estinsat&tithio be
much higher at around nine to one.

This information on appropriate calibration factors may be valuable to agencies
and policy makers who are interested in capturing the full economic cost f heal
damages from exposure to wildfire smoke but have access to simple cost sf illnes
estimates only. In addition, when evaluating fire prevention programs, amccur
analysis would require inclusion of the economic cost of human health damages from a
wildfire that could be prevented by implementing these programs. Omittisg fiealth
benefits of fire prevention programs in a benefit cost analysis of such psogi@uid
result in too small an investment in prevention measures such as prescribed burns or
forest thinning. There will undoubtedly be uncertainty surrounding the naturesofifae
“could have been.” However, if agencies could estimate certain components of the
avoided wildfires resulting from prevention, such as size, intensity, and the number of
people that would have potentially been affected, they could determine whether the
Station Fire used in this study is an appropriate representation. Theyleuinaltiply
the willingness to pay value for a reduction in one symptom day from wildfire smoke

exposure obtained in this study by the average number of symptom days expemnenced a
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the number of individuals that would have been affected to arrive at an estirttege of
cost of health damages avoided by the prevention measure. Further, as more gsllingne
to pay estimates become available in the literature, these benefeitjamastices can
become increasingly accurate.

In conclusion, this study adds to the scarce literature comparing the ecoonstnic ¢
of exposure to a pollutant across all of the commonly used methodologies. Furthsr, this
the first study to use primary data to apply non-market valuation methods toteshima
individual willingness to pay for a reduction in symptom days and perceived pollution
levels from exposure to wildfire smoke. Wildfires will continue to occur and desisi
about the appropriate amount of resources to put towards fire management will likely
remain an important debate. The economic cost of human health effects from ekposure
wildfire smoke represents one economic impact of wildfires where ddteeaearch fall
short. We present methods and applications to monetize this value and hope this provides

an important contribution to the literature.
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SURVEY INSTRUMENT

COVER LETTER

Colorado
Univm&i;'

Department of Agricultural a
Resource Econom

Fort Collins, Colorado 8052817
(970) 491632

FAX: (970) 491206
http://dare.agsci.colostate.

Name
Street Address
City State, Zip Code

Dear Name:

As the largest fire in Los Angeles County’s histdhe recenStation Fireaffected the residents of
Southern California in many ways. Homes were dgstipsome residents evacuated their homes, a
smoke filled the air. We know that the experienthaving a wildfire occur near your home can be
extremely stressful.

\While fires such as this one can have many difteeffects, something that is often overlooked & th
health effects that result from the smoke and ash.

We are conducting the enclosed survey in an effoassess your household’s experience with wildfi
smoke and ash from tt&tation Fire We would like to know about any effects it had loa your health
and the health of other members of your houseMsiElwould also like to know about any preventati
actions you may have taken in response to the senatt@sh It is important to hear from each and
every person who lives in your area, whether you we affected or not.

'The information you provide will be given to wildéi management agencies to help them decide on
best way to manage future wildfires in an effortrtmimize the health effects from wildfire smokedan
ash.

You are one of a small number of households beskgdhabout the effects of tB¢ation Fireon youano
your family’s health. In order for the results big study to truly represent the effects on Souther
California residents such as yourself, it is impnttthat each questionnaire be completed and exturn
'The survey booklet contains all of the informatjmu need to complete the survey. There are no ag
wrong answers!

A stamped return envelope has been provided to ha&key to mail your survey back to us.
Your responses are confidential and you will not bendividually identified in our results.

If you have any questions, please call me at 970248B50r email me at: John.Loomis@colostate.ed

will be happy to answer any questions you have. |0k forward to receiving your survey in the day,
ahead.

Sincerely,

nd

re

e

the

ht

%2 -

Dr. John Loomis, Profess
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SURVEY

Your Health During the Station Fire

Tell Us What You Think

Colo§?a(zg

University
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Section A: Experience During theStation Fire

Smoke and ash from ti®tation Firecaused air-quality problems during the period fiMadnesday, August
26 until Wednesday, September 9. While the costisesfighting are easy to calculate, the effectyon and
your household’s health are not known. Therefdre purpose of this survey is to learn about posgibhlth
effects related to smoke and/or ash during the gfiike fire. You and your household may or mayhrete
had any health problems, or you may have takereptative actions to reduce the chance that youdivoave
problems. Understanding the various ways smokeaahdffected your household is important to helpo
makers assess the overall impact of the fire.

Your responses are completely confidential. Pleasgver questions to the best of your ability.

1. During the time period Wednesday, August 26l Wdgdnesday, September 9 were you at the addressewh
this survey was sentClieck one box)

O Yes, all of the time

O Yes, | was at the address where this survey wasssene of the time
- How many days?

O No - Thank you for your time, there is no need to catgthe rest of the survey.
Please return the survey in the postage paid epeelo

2. Could you smell smoke and/or asitside your homeduring the fire and the weeks following?
(Check one box)

O Yes - How many days did you notice the smé{Check one box)
O 1-5 days 0 6-10 days [0 11-15 days 0 more than 15 days
O No

3. Could you smell smoke and/or ashkide your homeduring the fire and the weeks following?
(Check one box)

0 Yes > How many days did you notice the sméglCheck one box)

O 1-5 days 0 6-10 days 0 11-15 days 0 more than 15 days
O No
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4. In the table below, we list some actions you might haventskreduce the possibility of health effects from
exposure to the smoke and/or ash fronSttatgion Fire.For each action taken, please check the box for the

length of time you took the action and fill in the box it cost of taking the action. If you did not take the
action, please check the box “never.”

11l or
1-5 | 6-10 | more
Possible Actions Neverdays | days| days Cost of Action

Evacuated / left area affected by smoke

Covered face with a mask (dust, surgical, efc.)

Used an air filter, air cleaner, or humidifier

Avoided going to work of lost income

Removed ashes from property (yard, car,
pool, etc.)

B | B P P P

Ran air conditioner more than usual

Stayed indoors more than usual

Avoided normal outdoor recreation
activities/exercise

5. Overall, how effective do you think the actions you idedifn Question #4 were at reducing or eliminating the
health effects from exposure to the wildfire smokd@mashq{Check one box)

O Very effective 0 Not at all effective
0 Somewhat effective O Don't know
O A little effective 0 Not applicable

6. During theStation Fire did you hear or read about the health effects of wédfinoke and/or ash from
any news articles, public service announcementscar &r quality reports@Check one box)

O Yes - Did you change your normal routine based on this infaoma(Check one box)
O Yes O No
O No

7. Do you think exposure to the smoke and/or ash freBtdtion Firecould affect a person’s health?
(Check one box)
O Yes
O No

O Don’t know
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Section B: Specific Health Effects During theStation Fire

In this section we focus on how exposure to thekenamd/or ash from thetation Fireaffected your health angd
the health of up to three other members of youskbald. Members of your household include all peopl
living in your home who share possessions, monay,naake major decisions together (including chillre
Throughout the rest of the survey when you segetime “up to three members of your household” please
respond with the same people in mind.

1. During theStation Firedid you or any other members of your householdeggpce symptoms or health effects
from exposure to the smoke and/or ash? Thehtadie ear, nose and throat symptoms, breathindgyrah heart
problems and any other symptom due to expdsutee smoke and/or agi€heck one box)

0 Yes> How many? number of household rmaemith symptoms or health effects

O No - Please go to Section C

2. What are the ages of up to three members of yousehold plus yourself who experienced symptoms o
health effects from exposure to the smokearakh from the wildfiregFill in the blanks)

your age
age @ierson 1
age @erson 2
age @erson 3

Please respond to the rest of the questions irséion such thaterson lis the same person whose age you
reported foperson 1in Question #2 above. Likewise fpersons 2 and 3

3. For each symptom or health effect listed belpl@ase check the appropriate box if you and/ooupriee
members of your household experienced it dutiegtation Fire

You Person 1 Person 2 Person 3
Ear, nose and throat symptoms
(cough, sore throat, burning eyes,
runny nose, sinus problems, etc.) O O g d
Breathing problems (shortness of
breath, aggravation of asthma,
bronchitis, emphysema, etc.) O O g d
Heart problems (rapid heartbeat,
chest pain, etc.) O O O O
Other symptoms related to exposure
to smoke and/or ash (anxiety,
nausea, dizziness, etc.) O O O O
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4. What was the total number of days that you angsdo three members of your household experienced
at least one of the symptoms or health effiestisd in Question #3 from exposure to the smold@@arash?
(Fill in the blanks)

total number of daysu experienced symptoms or health effects

total number of dgysrson 1experienced symptoms or health effects
total number of dgysrson 2experienced symptoms or health effects

total number of dgysrson 3experienced symptoms or health effects

5. On a scale of 1-5, how would you rate the oVvégael of pain or discomfort from the symptomshesalth
effects listed in Question #82ircle one number for each household member tadtdymptoms)

No pain or Severe pain or

discomfort discomfort
You 1 2 3 4 5
Person 1 1 2 3 4 5
Person 2 1 2 3 4 5
Person 3 1 2 3 4 5

6. Now we are interested in medical care that nzasetbeen received for the breathing problems at peablems
you and/or up to three members of your houskblfered. If none of you suffered either of thhsalth
effects, please go to Question #8.

Please check all medical visits taken by you@mabp to three members of your household. Pleaeinclude
medical visits made as a result of symptomseaith effects from exposure to the wildfire smoké/ar ash:

You Person 1 Person 2 Person 3
Physician visit due to:
. O O O O
Breathing Problems
Heart Problems O O O a
Urgent care visit due to: O O 0 0
Breathing Problems
Heart Problems O O O a
Emergency room visit due to: O O 0 0
Breathing Problems
Heart Problems O O a O
Admitted to hospital due to:
O O O |
Breathing Problems
Heart Problems O O O O
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7. How much time did you and/or up to three membésour household spend traveling to, waitingdad
receiving medical care for symptoms or hedfbiots related to exposure to smoke and/or ash fhaBtation
Fire? (Fill in the blanks)

total number of howrsu spent traveling, waiting for and receiving medicate
total number of hoyrsrson 1spent traveling, waiting for and receiving medicate
total number of hoyrsrson 2spent traveling, waiting for and receiving medicaite

total number of hoyrsrson 3spent traveling, waiting for and receiving medicaite

8. How much money did you and/or up to three mesbéyour household spend on the following items tiu
symptoms or health effects related to expogusenoke and/or ash from tBation Fire? (Please enter the
dollar amount. If you spent nothing on an it@hease enter $0)

You Person 1 Person 2 Person 3
Medical visits and prescribed
medicines $ $ $ $

Non-prescription medicines (e.g.
antihistamines, eye or cough drops,
etc.) $ $ $ $

Visits to a non-traditional health
provider (e.g. chiropractor, herbalist,
acupuncturist, etc.) $ $ $ $

9. How many days of work did you and/or up to thmesmbers of your household lose as a result of the
symptoms or health effects from exposure testheke and/or ash from tisation Fire (Fill in the blanks)

total number of days of wgdku missed
total number of days of waperson 1missed
total number of days of waerson 2missed

total number of days of wpdrson 3missed

10. How many days of recreational activities didi ymd/or up to three members of your householddsse
a result of symptoms or health effects froqpasure to the smoke and/or ash fromSketion Fire
(Fill in the blanks)

total number of days of recreation missed
total number of days of recreafierson 1missed
total number of days of recreafierson 2missed

total number of days of recreafierson 3missed
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Section C: Reducing the Effects of Wildfire Smokerad Ash on You & Your Family

Next we are going to ask you a question about \habuld have been worth to you to reduce somdef t
effects your household may have experienced deggosure to the smoke and/or ash fromStaion Fire

The Station Firedamaged and destroyed homes, resulted in the ai@cwf families and pets, and the smok
and ash affected the health of some people. Wismoneling to the question beloplease consider:

(1]

1) The health effects experienced from the smoke and/ash.
2) Preventative actions you took to avoid health effés from the smoke and/or ash.
3) Lost work you or your household experienced to deakith the smoke and/or ash.

4) Lost recreation you or your household experiencedtdeal with the smoke and/or ash.

Do not consider what it would have been worth to youvoidsome of the other effects of tB&ation Fire
(such as damage to your home, etc.)

1. Did you orany other members of your household experience any of teetsflisted in numbers 1-4 above?

O Yes

0 No - Please go to Section D

2. Knowing what you now know about tBéation Fire would you haveaid $ one time to reduce
inhalf the number of days diealth effects, days of preventative actigog took to avoid health effects, and
days of lost work or recreatioyou and/or other members of your household expeei@ during th&tation
Fire? (Check one box)

O Yes

[ No

3. Please tell us how certain you are that you dvaatually pay (if you said yes) or not pay (if ysaid no) the
stated amount in Question #2 on a scale of, wWh@re 1 means “very uncertain” and 10 means “certain.”

1 2 3 4 5 6 7 8 9 10

very very
uncertain certain

4. Please tell us why you answef@destion #2the way you did.
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Section D: Your Health History

In this section, we ask about your general healghwith the rest of the information in this survayl,response
are completely confidential.

1. On average, how matiynes per weekdo you exercise (include any form of exercise sualking, biking,
yoga, etc.)PCheck one box)

[0 0 times per week> Please go to Question #3
0 1-2 times per week
[0 3-5 times per week

[0 More than 5 times per week

2. On average, how matmpurs per weekdo you spend in indoor and outdoor recreatiorvitiets/exercise
(including walking, bike-riding, etc.)Fi{l in the blank)

hours per weekinfloor recreation

hours per weekaftdoor recreation

3. Have you smoked at least 100 cigarettes in gatire life?(Check one box)

O Yes = Are you currently a smokef€heck one box)
O Yes O No
O No

4. On average, how many alcoholic drinks do youehaar week?Check one box)

[ None
O 1-7
O 8-14

O More than 14
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5. How would you rate your overall healtf@heck one box)

O Excellent
O Good
O Fair

O Poor

6. Do you visit a physician once every year or faogeneral check-upg€heck one box)

[ Yes

O No

7. Has a physician ever diagnosed you with a chrasipiratory disease (e.g. asthma, respiratoeygids,
emphysema, chronic bronchitis, chronic obsiveghulmonary disease, etc(Check one box)

O Yes - Was it still present in the last 12 monti{€heck one box)
O Yes I No
O No

8. Has a physician ever diagnosed you with a ltksegse (e.g., coronary artery disease, congestive
heart failure, ischemic heart disease, e{€}eck one box)

O Yes = Was it still present in the last 12 monti{€heck one box)
O Yes O No
O No

9. Before theStation Fire have you ever noticed a temporary increase itithpeoblems as a result of exposure
to smoke and/or ash from a wildfirZheck one box)

[ Yes

[ No
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Section E: Please Tell Us About Yourself

In this section we ask about your background. Ak tie rest of the information in this survey,rabponses
are completely confidential.

1. Are you(Check one box)

O Male

O Female
2. Are you marriedfCheck one box)

O Yes

O No

3. In what year were you boriRill in the blank) 19

4. What was the zip code where you lived betweeguati26, 2009 and September 9, 200HIPin
the blank)

zip code

5. How long have you lived in this zip cod@gll in the blank) years months

6. Do you have health insurand€heck one box)

O Yes

[ No

7. Which category best describes your racial anietidlentificationACheck all that apply)

O Black O White
O Hispanic/Latino O American Indian or Alaska Native
O Asian 0 Other

O Native Hawaiian/Other Pacific Islander

8. What is your highest level of educatid@heck one box)

O Eighth Grade or Less O College or Technical School Graduate
0 Some High School [0 Some Graduate School
O High School Graduate O Advanced Degree (M.D., M.A., Ph.D., etc.)

[0 Some College or Technical School
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9. How many total members are in your househ(#iPin the blanks)
number of people in your household uh8eears of age
number of people in your householdb¥tyears of age

number of people in your household 6Qerears of age

10. Which of the following best describes your eatremployment situatio@heck one box)
O Employed full-time
O Employed part-time
0 Not employed-> Please go to Question #12

[0 Retired > Please go to Question #12

11. Are you paid hourly or are you on salaf@heck one box)
O Hourly > What is your hourly wage (before taxes)? $
- How many hours per month do you typically work? hours
O Salary = What is your current monthly salary (before taRes)

12. How many members of your household contriboifgatying the household expenses?
(Fill in the blank)

number of household members who hglfi@asehold expenses

13. Including these people, what was your approtérhausehold income from all sources in 2008
(before taxes)Zheck one box)

O less than $19,999 O $50,000-$59,999 O $90,000-$99,999

O $20,000-$29,999 O $60,000-$69,999 O $100,000-$149,999
O $30,000-$39,999 O $70,000-$79,999 O $150,000-$199,999
O $40,000-$49,999 O $80,000-$89,999 O More than $200,000

14. Was your home damaged or destroyed as a méghkt Station Fire? (Check one box)

O Yes, damaged
O Yes, destroyed

O Neither
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Comments

Thank you for completing the survey!
If you have any additional comments please fee foewrite them in the space below. When you avishied,

please place the survey in the postage paid returaelope and mail it back to us.

If the return envelope was misplaced, please senke completed survey to:

Professor John Loomis

Department of Agricultural and Resource Economics
Clark B-320

Colorado State University

Fort Collins, CO 80523-1172
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REMINDER POSTCARD

Y

Department of Agricultural and
Resource Economics

Fort Collins, Colorado 80523-1172
(970) 491-6325

FAX: (970) 491-2067
http://dare.agsci.colostate.edu

Last week a questionnaire asking about your houdshexperience with the smoke and ash from the
Station Firewas mailed to you.

If you have already completed and returned thetopresire, please accept our sincere thanks. If yo
have not, please complete the survey and maitk t@us in the postage paid return envelope.

Because this questionnaire has been sent to amhadl, but representative sample of Los Angeles
County residents, your responses will be very Udefwildfire management agencies.

If your questionnaire has been misplaced, pleaseneaat (970) 491-7307 or email me at
John.Loomis@colostate.edu and | will mail you cocaly.

Sincerely,

Dr. John Loomis

D

=t

Colorado State Universi
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