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ABSTRACT. Estimating the economic benefits of re-
duced health damages due to improvements in envi-
ronmental quality continues to challenge economists.
We review welfare measures associated with reduced
wildfire smoke exposure, and a unique dataset from
California’s Station Fire of 2009 allows for a com-
parison of cost of illness (COI) estimates with will-
ingness to pay (WTP) measures. The WTP for one less
symptom day is estimated to be $87 and $95, using
the defensive behavior and contingent valuation
methods, respectively. These WTP estimates are not
statistically different but do differ from a $3 tradi-
tional daily COI estimate and $17 comprehensive
daily COI estimate. (JEL Q51, Q53)

L. INTRODUCTION

A variety of environmental contaminants
can negatively affect human health. Therefore
government agencies, such as the U.S. Envi-
ronmental Protection Agency (EPA), are
tasked with protecting human health by re-
ducing human exposure to contaminants in
the air, water, and land. Branches of the EPA
such as the National Center for Environmental
Economics are responsible for analyzing the
economic impacts, in other words, costs and
benefits, of environmental regulations and
policies. Quantifying these impacts can in-
form decision making by highlighting the
trade-offs involved with policies aimed at im-
proving environmental quality. However, the
challenge of accurately monetizing the eco-
nomic benefits of a reduction in human health
damages associated with policies that effec-
tively reduce pollution levels has remained
pervasive in the economics literature, as well
as the policy realm.
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Freeman (2003) explains that improve-
ments in environmental quality can benefit an
affected individual by reducing some or all of
the following adverse impacts: incurred medi-
cal expenses due to treating illness caused by
pollution exposure; lost wages from the in-
ability to work; expenditures and activities
taken to defend oneself against the possible
health effects associated with exposure; and
the disutility associated with symptoms or lost
leisure caused by illness. The lack of a mon-
etary equivalent to some of these adverse ef-
fects complicates monetization of the full
benefits of a reduction in pollution concentra-
tions. In addition, an analyst cannot simply
add together the monetary equivalent of
changes in these components to arrive at the
correct welfare measure of the benefits of re-
duced pollution concentrations or the health
effects resulting from them. This is largely
due to the fact that medical expenses are an
exogenous outcome of illness, whereas defen-
sive activities are chosen optimally by the in-
dividual (see Bockstael and McConnell
2007). Rather, there are measures based on
these components that can be used to quantify,
or approximate, these benefit estimates. Three
approaches commonly used to monetize the
benefits of improvements in human health as-
sociated with reductions in the concentrations
of various pollutants are the defensive behav-
ior method (DBM), the contingent valuation
method (CVM), and the cost of illness (COI)
approach.
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The contribution of this study is twofold.
First, using unique primary data from the larg-
est wildfire in Los Angeles County’s modern
history, we apply the DBM and CVM to es-
timate the willingness to pay (WTP) for a re-
duction in one wildfire smoke—induced symp-
tom day. To our knowledge, these are the first
WTP estimates for a reduction in symptom
days associated with wildfire smoke exposure.
Second, our data allow for a comparison of
estimates across all three common approaches
used to monetize the benefits of reduced mor-
bidity. To statistically test for a significant dif-
ference in the three estimates, we test for over-
lapping confidence intervals and, where
appropriate, carry out a complete combinato-
rial test. In addition, the study results shed
light on WTP:COI calibration factors for the
health damages associated with wildfire
smoke specifically.

II. THEORETICAL FRAMEWORK
Defensive Behavior Method

The DBM is a revealed preference ap-
proach used in the field of health and envi-
ronmental economics. The method originates
from a health production function first out-
lined by Grossman (1972), with extensions to
the model undertaken by Cropper (1981) and
Harrington and Portney (1987). The general
idea of the DBM in the health production
function framework is that if an individual ex-
periences some negative health output, such
as a number of days with symptoms, it enters
into his utility function as follows:

U=UX,L,S), [1]

where X represents consumption of a com-
posite market good, L represents leisure time,
and S represents symptom days. It can be as-
sumed that utility is increasing in consump-
tion of X and L and decreasing in S. This
health output S is not exogenous but rather
“produced” by the individual according to a
health production function:

S=S8(P,D,Z), [2]

where P represents exposure to a pollutant and
Z represents a set of exogenous factors that
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can affect symptom days, such as lifestyle and
demographic factors, as well as health status
prior to exposure. Further, the individual can
choose to invest in the production of his health
by taking defensive actions, labeled D. These
include actions that serve to decrease symp-
tom days by decreasing exposure to a given
pollutant. Examples include evacuating a pol-
luted area, staying indoors, using a home air
cleaner to reduce indoor pollution levels, or
using preventative medications such as a pre-
scribed inhaler. Symptom days are increasing
in P and decreasing in D. Following closely
the framework in Dickie (2003), the individ-
ual is also subject to a full income budget con-
straint as follows:

I+w[T—L—S]=X+paD+M(S), [3]

where I represents nonlabor exogenous in-
come, w represents labor income, and the in-
dividual is assumed to allocate his total time
available T between work, leisure, and time
spent sick. The price of X is normalized to 1,
defensive actions have an associated cost of
P4, and the individual may also incur medical
costs as a function of the possible illness ex-
perienced, represented by M(S). This con-
straint can be rewritten as

T+wT = X+wL+pgD+M(S)+wS. [4]

Therefore, the individual’s total budget is
spent on the consumption of goods, leisure,
defensive actions, medical expenditures, and
indirect costs of time lost due to illness. The
individual’s costs of illness are represented by
the last two components of [4]:

COI(S) =M(S)+wS. [5]

These costs represent an exogenous outcome
of illness. Following Dickie (2003), this util-
ity maximization problem can be solved in
stages, where the individual first chooses de-
fensive actions to minimize defensive expen-
ditures (pgD), subject to producing a given
amount of symptom days, resulting in the fol-
lowing first-order conditions:

pa— 7(S(-)/aD) =0,
S0 —S(-)=0, (6]
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where SO is the given amount of symptom
days and 7 is the Lagrangean multiplier.
These first-order conditions can be solved to
obtain values of D and 7 as a function of
prices, symptom days, pollution levels, and
any other exogenous factors that minimize de-
fensive expenditures while achieving symp-
tom days SO. These can be used to define the
defensive expenditure function (Bartik 1988)
as follows:

DE(py,8°,P,Z) = paD°. (7]

Utilizing first-order conditions and the enve-
lope theorem, which tells us that the marginal
cost of symptom days equals the Lagrangian
multiplier 7, we have

(ODE/3S) = 7= py/(9S/0D) < 0. [8]

In the second stage, the individual chooses the
amount of symptom days and consumption of
goods and leisure to maximize utility. This
can be solved by plugging the defensive ex-
penditure function into the full income budget
constraint as follows:

I+wT=X+wL+DE(py,S°,P.Z)+ M(S)+wS.  [9]
The utility maximization problem becomes

Maximize U = U(X,L,S(P,D,Z))
s.t. I+wT = X+wL+DE(pg,S°.P.2)+M(S)+wS  [10]

The first-order conditions can then be ob-
tained, with the one related to the individual’s
choice of symptom days being

(0U19S) — MODE/dS) — M(dM/dS) — Aw =0, [11]
which can be rearranged as

—(IDEIDS) = — (QUIIS) A+ (dMIdS) +w. [12]

Finally, to estimate the marginal value of a
change in illness dS, which is the focus of this
paper, equations [8] and [12] can be used to
show that

— (ODE/3S)dS = | — (9U/3S)/ A+ (dM1dS) +w]dS
= — [pa/(8S/9D)]dS. [13]
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By utility maximization, the marginal benefit
of reduced time spent sick, that is, the WTP
for one less symptom day, must equal the mar-
ginal cost of reduced sick time. Since defen-
sive actions are an input to the production of
the negative health output, it follows from
production theory that the marginal cost of re-
duced symptom days will equal the ratio of
the full price of any of these defensive actions
to its marginal product.

Contingent Valuation Method

Unlike the DBM, which looks at the defen-
sive actions individuals take to arrive at a
measure of the economic value of a decrease
in symptom days, the CVM is a stated pref-
erence approach used to estimate this value.
In a CVM framework, individuals are asked
directly about the value they place on a spe-
cific change in a nonmarket good, which in
this case would be a decrease in the number
of symptom days experienced as a result of
exposure to some pollutant. Following the
DBM framework, the individual can solve his
dual problem of minimizing expenditures sub-
ject to a given level of utility, say, u*. This
expenditure minimization problem can be
solved to obtain the minimum expenditure
function as follows:

e=e(pg,P,Z,5° ,u*). [14]

This is the minimum expenditure required to
remain at utility level u* given symptom days
SO, prices pq, a particular pollution level P,
and exogenous characteristics of the individ-
ual Z. The WTP for a reduction in symptom
days from SY to S! can be expressed as

WTP = e(pg,P,Z,5° . u*) — e(pa,P.Z,S" ,u*). [15]

This shows the maximum amount of money
the individual would pay to enjoy fewer
symptom days while maintaining the same
level of utility.

COI Approach
Given the complexities involved with em-

pirically estimating WTP, agency economists
and health professionals frequently rely on a
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simple COI approach to capture the benefits
of changes in morbidity resulting from re-
duced pollution concentrations. This approach
focuses on capturing the direct and indirect
resource costs associated with a pollution-in-
duced illness. These costs typically include
expenditures on medications and medical care
used to treat the illness, the opportunity cost
of time spent obtaining medical care, as well
as the economic cost of lost wages resulting
from time spent sick. The benefits of reduced
pollution are measured as the associated re-
duction in these resource costs (Dickie 2003).

While a COI estimate captures resource
costs associated with a pollution-related ill-
ness, equation [12] demonstrates theoretically
why the COI approach often underestimates
the true individual value of a reduction in ill-
ness caused by pollution. The marginal benefit
the individual receives from reduced time
spent sick is the sum of the monetary equiv-
alent of disutility avoided ( — (aU/dS)/A), the
individual’s savings on medical expenditures
(dM/dS), and the marginal value of additional
time available for work and leisure (w). Mon-
etization of the savings in costs of illness will
fail to capture the disutility avoided as a result
of improved health. A similar theoretical re-
lationship is derived by Freeman (2003), who
explains that for a reduction in illness, mar-
ginal WTP is the sum of the COI and the mon-
etary equivalent of the lost utility. However,
under very particular circumstances in which
exposure to the pollutant does not cause dis-
utility, and the individual cannot take defen-
sive actions to mitigate the negative effects of
changes in pollution, the COI will equal the
correct welfare measure for a change in pol-
lution concentrations. See Bockstael and
McConnell (2007) for the derivation of this
case.

The shortcomings of the COI approach in
the more general setting where there is disu-
tility of illness are highlighted by the EPA’s
National Center for Environmental Econom-
ics statement that “the practical problem [with
this approach] is that unit costs for morbidity
effects usually are measured in terms of
avoided medical outlays and wages, which
likely underestimate what people would be
willing to pay to avoid the adverse health ef-
fects in question” (USEPA 2010b). However,
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there are various pollutants for which mone-
tized COI estimates remain the only available
source of information on the potential benefits
of reduced pollution. In these circumstances,
policy makers have little choice but to utilize
them in damage assessments, whether or not
the assumptions necessary for them to repre-
sent a correct welfare measure hold. The EPA
reports that “many important morbidity ef-
fects are poorly studied from the WTP per-
spective. The COI approach is much more
common in valuing chronic illness” (USEPA
2010b).

II1. A REVIEW OF THE LITERATURE

The DBM has been used to calculate the
value of a reduction in a number of air and
water pollutants and the health damages as-
sociated with exposure to them, including but
not limited to sulfur dioxide (Cropper 1981;
Joyce, Grossman, and Goldman 1989), nitro-
gen dioxide (Dickie and Gerking 1991a), car-
bon monoxide (Dickie and Gerking 1991a),
ozone (Dickie et al. 1986; Gerking and Stan-
ley 1986; Dickie et al. 1987; Dickie and Gerk-
ing 1991a, 1991b), and contaminated water
supplies (Harrington, Krupnick, and Spofford
1989; Um, Kwak, and Kim 2002; Dasgupta
2004). In addition, numerous studies have ap-
plied the CVM to estimate the WTP to avoid
the health damages associated with various
pollutants (Rowe and Chestnut 1985; Dickie
et al. 1986; Tolley et al. 1986; Dickie et al.
1987; Chestnut et al. 1996; Alberini and
Krupnick 2000).

A number of the above studies have looked
at the relationship between COI estimates and
WTP values for a reduction in health effects
from exposure to a pollutant, and the majority
of empirical findings support theoretical pre-
dictions that costs of illness underestimate
WTP. For instance, Rowe and Chestnut
(1985) interviewed a panel of asthmatics in
Glendora, California, and found that CVM
WTP estimates for reductions in the severity
of asthma symptoms were 1.6 to 3.7 times the
comparable COI estimates. Dickie and Gerk-
ing (1991b) interviewed residents in Glendora
and Burbank, California, and found that WTP
for decreased ozone levels exceeded medical
expenses by a factor of 2 to 4. Chestnut et al.
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(1996) found that small changes in angina fre-
quency were associated with minor changes
in costs of illness but significant changes in
WTP. Alberini and Krupnick (2000) estimated
a WTP:COI ratio of 1.61 to 2.26 for symp-
toms 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 greater than mean daily COI estimates,
by a factor of 3.1 to 79 times. A more recent
study by Chestnut et al. (2006) compared COI
and WTP values for preventing hospitaliza-
tions resulting from respiratory and cardio-
vascular illness. The study attempted to mon-
etize a more comprehensive estimate of COI
than is commonly used by including nontra-
ditional cost components such as lost house-
hold production and lost recreation value due
to the hospitalization and recovery period, in
addition to medical expenses and lost earn-
ings. They found that comprehensive COI es-
timates were much larger than previously
obtained estimates that excluded nontradi-
tional costs resulting from the hospitalization
recovery period. Comprehensive COI esti-
mates actually exceeded WTP values in
nearly all cases.

In addition, a handful of studies have ex-
amined the relationship between WTP esti-
mates derived from both the DBM and CVM,
which can serve as a test of convergent valid-
ity. Dickie et al. (1986) collected data from a
sample of 229 residents in the cities of Bur-
bank and Glendora, California, to implement
both methods, and compared WTP results
across the two. The authors found that WTP
estimates derived from the CVM were always
larger than their DBM counterparts, by a fac-
tor of up to 10 times. However, a year later,
Dickie et al. (1987) compiled a new dataset of
residents in the same cities. In this survey, re-
spondents were asked their WTP 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 symp-
toms. Respondents then had a chance to revise
their bid after seeing this total. Results from
this study showed that average revised bids
were much lower than original bids, and re-
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vised WTP estimates from the CVM were
found to be smaller than their DBM counter-
parts. Dickie et al. (1987) explained that this
result is to be expected given that defensive
goods used in calculations of WTP from the
DBM may provide direct utility to the indi-
vidual employing them. This should lead to
larger benefit estimates than those derived
from the CVM. Chestnut et al. (1996) found
that CVM WTP estimates to avoid increases
in angina were directly comparable to WTP
estimates based on defensive expenditures.
As evident from the literature, there is still
some uncertainty on the relationship between
the estimates produced by the methods com-
monly used to value a reduction in health ef-
fects associated with exposure to a pollutant.
Most importantly, while some studies have
compared estimates across two of the three
approaches used to value decreases in these
morbidity effects, aside from Chestnut et al.
(1996), none to our knowledge have at-
tempted to compare estimates across all three
methods using the same primary data. Such
comparisons are needed to assess the validity
of the techniques. Further, while the majority
of studies compare point estimates of benefit
measures, these comparisons can be made
even more rigorous and accurate by evaluat-
ing statistical tests of their differences. Thus,
we statistically test hypotheses about the
equality of benefit estimates derived from the
DBM, the CVM, and the COI approach.

Wildfire Smoke Exposure

The Centers for Disease Control and Pre-
vention (CDC) and the EPA report that ex-
posure to wildfire smoke can cause various
ear, nose, and throat symptoms, as well as
heightened symptoms in individuals with
heart or lung disease. In addition, children and
the elderly are considered sensitive popula-
tions whose health is at greater risk of being
affected by wildfire smoke exposure. Evi-
dence of these morbidity effects has been sup-
ported by studies such as those by Duclos,
Sanderson, and Lipsett (1990), CDC (1999),
Johnston et al. (2002), 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
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health effects and hospital admissions. Recent
studies have called for the inclusion of their
associated costs in damage assessments of a
given wildfire (Butry et al. 2001; Morton et
al. 2003; Abt, Huggett, and Holmes 2008;
Dale 2009). However, the costs imposed on
individuals as a result of these potential health
effects are often unknown or underestimated.

While numerous studies have applied a
COI approach to calculate the economic cost
of health effects from wildfire smoke expo-
sure specifically, to date, none have applied
either the DBM or the CVM to calculate the
WTP for a reduction in associated health dam-
ages. Kochi et al. (2010) conducted a litera-
ture review of studies estimating the eco-
nomic cost of health damages from wildfire
smoke exposure, and one conclusion was that
understanding defensive actions taken to
avoid exposure to the smoke should be
studied, as their associated costs may be sub-
stantial.

IV. HYPOTHESIS

In this study, we compare the value of de-
creased morbidity from wildfire smoke ex-
posure based on estimates from three different
valuation methods: the DBM, the CVM, and
the COI approach. As explained above, theory
and empirical studies demonstrate that the tra-
ditional COI approach often underestimates
the individual value for a reduction in health
effects resulting from exposure to various pol-
lutants. Bockstael and McConnell (2007) do
derive a special case in which the COI esti-
mate will equal the correct welfare measure
for a change in pollution levels, but note that
this is an extreme case. The conditions that
need to hold for this equality are that increases
in pollution do not cause any disutility, either
directly or indirectly through illness, and that
the individual cannot take defensive actions
to mitigate the effects of changes in pollution
concentrations. These conditions are unlikely
to be true for wildfire smoke exposure. Past
studies have consistently found that many res-
idents in wildfire-prone areas know of the po-
tential risks associated with wildfire smoke
and take costly defensive actions to protect
themselves against it (Mott et al. 2002; Kunzli
et al. 2006; Kochi et al. 2010). Indeed, during
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a major wildfire event, smoke advisory warn-
ings are usually issued. These warnings pro-
vide specific suggestions for avoiding wildfire
smoke. Incorporating nontraditional health
costs such as the value of lost nonwork time
in COI estimates may help to close the gap
between COI estimates and WTP values, as
noted by Berger et al. (1987) and Chestnut et
al. (2006). In this study we will calculate a
traditional COI estimate (COl\,q) as well as
a comprehensive estimate that incorporates
the value of lost recreation days resulting from
an illness (COI¢omp)-

The expected relationship between WTP
values for reduced morbidity estimated by the
DBM and CVM remains unclear from both
theoretical results and literature findings. For
instance, as noted by Dickie et al. (1987), the
defensive goods used in the DBM WTP cal-
culation may provide a direct source of utility
to the individual using them, meaning benefit
estimates based on this method may be higher
than their CVM counterparts. In addition,
Carson et al. (1996) conducted a meta-analy-
sis of revealed preference and CVM WTP es-
timates for quasi-public goods and found that
on average, the former are larger than the lat-
ter. However, under the DBM, equation [8]
shows that the WTP for a marginal reduction
in symptom days is equal to the savings in
defensive expenditures that just offsets the
change in sick days, holding environmental
quality constant. However, it is unclear that
using actual observed defensive expenditures
to estimate this value will hold environmental
quality constant, meaning WTP estimated by
the DBM could underestimate true WTP (see
Courant and Porter [1981], Harrington and
Portney [1987], and Bockstael and Mc-
Connell [2007], for a derivation of this argu-
ment in the context of WTP for changes in
environmental quality). Therefore, the hy-
pothesis we test is as follows:

Hy: COlirag = COlcomp = WIPppMm = WIPCyM,
Hy: COIlypq< COIComp < WTPppm#=WTPcym.

While the COI estimates are simply a sample
mean, the WTP values will be calculated
through more complex mathematical formu-
las and will not have straightforward proper-
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ties that facilitate simple statistical com-
parison of the measures. Therefore, two
approaches are implemented to test this hy-
pothesis. First, the bootstrapping method (see
Efron 1979, 1982; Efron and Tibshirani 1993)
will be applied to draw a new sample with
replacement from each original dataset used
to estimate WTP values. This process will be
repeated 1,000 times to generate a distribution
of 1,000 values calculated from each of the
two WTP methods.! Percentile confidence in-
tervals 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, for the 90% confidence interval,
5% of the observations at each tail are
dropped from the distribution. As explained
by Loomis, Creel, and Park (1991), while ben-
efit estimates obtained using different valu-
ation methods may appear to be quite differ-
ent, comparing confidence intervals is a first
step to statistically test for a difference.

If the confidence intervals around two of
the values do not overlap, it can be concluded
that the null hypothesis for that comparison
can be rejected at the specified level of con-
fidence. If the confidence intervals of any two
values do overlap at the desired level of con-
fidence, a second approach will be applied.
Following Poe, Severance-Lossin, and Welsh
(1994) and Poe, Giraud, and Loomis (2005),
we use a complete combinatorial approach
based on the method of convolutions. This un-
biased, nonparametric test is used to evaluate
the statistical difference between two simu-
lated distributions by generating a third dis-
tribution consisting of all possible differences
between the two distributions of interest.
For instance, if comparing WTPpgym Wwith
WTPcvywm, this third distribution is constructed
by calculating (WTPppm); — (WTPcym),)s
where i = 1,000 bootstrapped WTPpgy values
and z= 1,000 bootstrapped WTPcy\ values.
This results in a 1,000,000 by 1 vector of dif-

I While other simulation methods including the jack-
knife, Krinsky and Robb (1986), Cameron (1991), and delta
methods could also be applied, studies comparing across
methods have found that they are all relatively accurate and
will produce similar results. See Cooper (1994) and Hole
(2007) for these findings and an explanation of when the
methods will differ.
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ferences. The proportion of negative values
from this third distribution of differences rep-
resents the probability for the two WTP dis-
tributions to be overlapping (if this value is
greater than 0.5, it should be subtracted from
1). This probability represents the one-sided
p-value associated with the hypothesis test of
equality for the two distributions. Multiplying
this value by two gives the two-sided p-value
associated with this test. If this p-value is less
than a particular level of significance, say,
a=0.05, the null hypothesis of equality be-
tween the two WTP estimates can be rejected
at the 0.05 significance level.

V. SAMPLING FRAME AND DATA

The Station Fire began on Wednesday, Au-
gust 26, 2009, in the Angeles National Forest,
located adjacent to the Los Angeles, Califor-
nia, metropolitan area. It took firefighters 52
days to fully contain the wildfire, which crept
into nearby neighborhoods. This became the
largest wildfire in Los Angeles County’s mod-
ern wildfire history and the tenth largest in
California’s. The smoke from the Station Fire
caused nearby residents to experience un-
healthy air quality levels, and as a result,
smoke advisory warnings were issued by the
South Coast Air Quality Management Dis-
trict. These warnings advised residents in any
area impacted by smoke to avoid unnecessary
outdoor activities, keep windows and doors
closed when indoors, and run the air condi-
tioner.

The sample frame for the study was 1,000
randomly selected residents living in five
southern California cities (Duarte, Monrovia,
Sierra Madre, Burbank, and Glendora) that
were exposed to unhealthy air quality levels
due to smoke from the Station Fire. A ques-
tionnaire was created in the summer of 2009
based on feedback from focus groups held in
Anaheim, California, and consultation with
health economists. The focus groups allowed
participants to pretest and critique the ques-
tionnaire based on their experience with the
Freeway Complex Fire of 2008.

Approximately six weeks after the Station
Fire began, the survey was mailed to the sam-
ple of southern California residents. At that
time, the wildfire was 99% contained and re-
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spondents who had evacuated would have had
a chance to return home. Two follow-up mail-
ings were implemented over a two-month pe-
riod, for a total of three mailings to nonres-
pondents. Forty surveys were not deliverable,
and 458 complete surveys were returned for
an overall response rate of 48%. After remov-
ing incomplete surveys and surveys from re-
spondents who were not home during the fire,
there remain a total of 413 usable surveys.

Data on concentrations of particulate mat-
ter (PM) and carbon monoxide (CO) released
during the Station Fire were taken from the
California Environmental Protection Agency
Air Resources Board. Of the five cities sur-
veyed for the study, Burbank and Glendora
are the only two with air quality monitoring
stations within city limits. However, the other
cities have stations close by. Data on PM2.5
concentrations during the weeks the wildfire
burned were available for the cities of Bur-
bank and Glendora, while data on PM10 con-
centrations were available for the city of Glen-
dora only. Data on CO were directly available
from monitoring stations in Burbank and
Glendora. While there are no monitoring sta-
tions in Duarte, Monrovia or Sierra Madre,
there are monitoring stations very close by,
which reported levels of CO during the weeks
the Station Fire burned. CO concentrations
from the Azusa monitoring station were used
as a proxy for levels in Duarte and Monrovia,
as the station is located four miles from the
former and six miles from the latter. CO con-
centrations from the Pasadena monitoring sta-
tion were used as a proxy for levels in Sierra
Madre, as these cities are located six and a
half miles apart. Figure 1 provides an approx-
imate location of the cities surveyed and air
quality monitoring stations where data were
used, in relation to the location of the Station
Fire.

Given recent findings by Kunzli et al.
(2006) that subjective, within-community pol-
Iution measures may reflect wildfire smoke
exposure more accurately than objective com-
munity-wide measures, the survey questioned
respondents about the smoke and/or ash they
smelled both inside and outside of their home
for the weeks following the start of the fire. If
they indicated that they could smell smoke
and/or ash, they were asked about the number

Richardson, Loomis, and Champ: Valuing Morbidity from Smoke Exposure 83

of days that it was smelled. Table 1 presents
both objective and subjective pollution levels
by city during the Station Fire. Objective pol-
lution levels are measured by six-day aver-
ages of daily maximum and daily average
concentrations of PM2.5, PM10, and CO,
where data were available. The day the Sta-
tion Fire began and the five days following,
the period from August 26, 2009, through Au-
gust 31, 2009, represents the peak period, as
concentrations tapered off considerably after
this six-day window. Table 1 also presents the
number of survey respondents in each sur-
veyed city, and within each city the number
and percentage of respondents who smelled
smoke and/or ash for the number of days spec-
ified in each given range.

To implement the DBM, additional data
were gathered on the length of time health
symptoms were experienced as a direct result
of exposure to the wildfire smoke, as well as
the type of symptom experienced. Respon-
dents were asked to report the number of days
symptoms were experienced by themselves as
well as all household members. Respondents
were then presented with a table of potential
defensive actions that could have been taken
to reduce their exposure to the wildfire smoke.
The list of potential defensive actions were
chosen based on a number of factors, includ-
ing recommendations from the CDC on what
to do during a fire to decrease exposure to the
smoke, recommendations by focus group par-
ticipants, and finally, the actions that previous
studies have confirmed individuals take dur-
ing wildfires to decrease their exposure (Mott
et al. 2002; Kunzli et al. 2006). Given that
many defensive actions, such as running an
air conditioner, can inherently be taken for
reasons other than to prevent wildfire smoke
exposure, respondents were specifically told
to indicate whether they had taken each action
as a direct result of exposure to the wildfire
smoke and for no other reason. Respondents
were also asked to report the cost of taking
each action where this information was appli-
cable. Table 2 outlines the number and per-
centage of survey respondents who reported
taking each defensive action, along with the
average cost reported by those respondents
who took that action. Eighty-nine percent of
respondents took at least one defensive action.
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FIGURE 1
Location of Station Fire, Cities Surveyed, and Monitoring Stations

Adapted from: http://seamless.usgs.gov/index.php.

Four respondents reported defensive expen-
ditures well above the sample mean, so any
expenditure from these four respondents
greater than 3 standard deviations from the
sample mean was recoded to the highest value
without the outlier.

To facilitate the quantification of a COI es-
timate for each individual, only those respon-
dents who experienced health symptoms as a
result of exposure to the wildfire smoke were
asked an additional set of questions about the
medical care they received and the private,
out-of-pocket costs incurred for this treat-
ment. They were also asked to report the time
spent traveling to, waiting for, and receiving

any medical care. In addition, respondents
were asked to report any expenditure on non-
prescription medications taken to alleviate
symptoms, as well as the number of work and/
or recreation days missed as a direct result of
these symptoms. Elicited in this way, these
costs of illness represent an exogenous out-
come of the illness experienced and are thus
distinct from defensive actions, which are
chosen by the individual. This distinction has
been the source of some confusion in the lit-
erature, as explained in Bockstael and
McConnell (2007). Table 3 outlines the num-
ber and percentage of survey respondents who
undertook these remedial actions, along with
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TABLE 2
Defensive Actions Taken by Respondents and Average Expenditure on Each
(N=413)
Percentage of Average
Defensive Actions Survey Respondents Expenditure
Evacuated 5.6% $257.95
Wore a face mask 7.0% $6.04
Used a home air cleaner 21.3% $26.93
Avoided going to work 4.6% $219.412
Removed ashes from property 57.4% $8.67
Ran air conditioner more than usual 60.3% $27.660
Stayed indoors more than usual 73.1% N/A
Avoided normal outdoor recreation/exercise 77.7% N/A

Note: N/A, not available.
a Lost earnings reported by respondent.

b Respondents were not asked to report this cost. The price was calculated as (the kilowatt hours per day
used in running the air conditioner) X (the cost per kilowatt hour) X (the average number of days respondents
took this defensive action). According to the California Energy Commission, the average California resident
uses 27 kW-h to run his or her central air conditioning for 12 hours/day (assuming the air conditioner is run for
120 days of the year). According to the U.S. Energy Information Administration, residents in California in
September of 2009 were charged 15.76 cents/kW-h used. Respondents who ran the air conditioning more as a
result of the wildfire smoke ran it for an average of 6.5 days. This results in a value of $27.66.

TABLE 3
Remedial Actions Taken by Respondents and Average Expenditure on Each
(N=413)
Percentage of Average
Remedial Actions Survey Respondents Expenditure
Obtained medical care/prescription medications 6.3% $77.872
Took nonprescription medicines 12.6% $16.86
Went to a nontraditional healthcare provider 1.2% $33.00
Missed work 3.6% $691.76
Missed days of recreation activities 27.6% N/A

Note: N/A, not available.

@ Includes the opportunity cost of time spent traveling to and receiving medical care, calculated as (the number
of hours spent in these activities) X (the hourly wage rate reported by that respondent).

a health production function such as that in
equation [2] is estimated. The health outcome
experienced is the dependent variable of in-
terest, which in this case is the number of days
that health symptoms were experienced 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 pollution lev-
els, defensive actions taken, the individual’s
health history, lifestyle factors, and demo-
graphics.

Estimating this model has proven some-
what difficult in practice. A major complica-
tion that arises in empirical estimation, ex-
plained thoroughly by Dickie (2003), is the
fact that defensive action variables are often

endogenous, jointly determined with the
health outcome. These endogenous regressors
will be correlated with the disturbance of the
health production function equation they ap-
pear in, meaning least squares estimators will
be both biased and inconsistent. Numerous
studies that have estimated health production
function regression models have expressed
the importance of this issue (Gerking and
Stanley 1986; Joyce, Grossman, and Goldman
1989; Alberini et al. 1996; Dasgupta 2004;
Dickie 2005).

The dependent variable in this analysis is
count in nature (the number of days symptoms
were experienced). The potentially endoge-
nous defensive action variables are binary,
meaning nonlinear estimation techniques to
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TABLE 4
Study Variables and Summary Statistics
Variable Coding Mean Std. Dev.
Perceived Pollution Levels
Smelled smoke indoors > 5 days 1=yes, 0=no 0.24 0.43
Smelled smoke outdoors > 5 days 1=yes, 0=no 0.62 0.49
Objective Pollution Levels
Average daily maximum CO concentration Parts per million 1.47 0.11
(ppm)
ILliness Information
Symptom days Count 3.28 6.06
Ear, nose or throat symptoms 1 =yes, 0=no 0.36 0.48
Breathing symptoms 1=yes, 0=no 0.18 0.39
Heart symptoms 1=yes, 0=no 0.04 0.20
Other symptoms 1=yes, 0=no 0.09 0.28
Household symptom days Count 5.94 9.35
Number of household members with Count 0.89 1.24
symptoms
Averting Actions
Evacuated 1=yes, 0=no 0.06 0.23
Wore a face mask 1=yes, 0=no 0.07 0.26
Used a home air cleaner 1=yes, 0=no 0.21 0.41
Avoided going to work 1=yes, 0=no 0.05 0.21
Removed ashes from property 1=yes, 0=no 0.57 0.50
Ran air conditioner more than usual 1=yes, 0=no 0.60 0.49
Stayed indoors more than usual 1=yes, 0=no 0.73 0.44
Avoided normal outdoor recreation/exercise 1=yes, 0=no 0.78 0.42
Mitigating Actions
Obtained medical care/prescription 1=yes, 0=no 0.06 0.24
medications
Took nonprescription medications 1 =yes, 0=no 0.13 0.33
Went to a nontraditional healthcare provider 1=yes, 0=no 0.01 0.11
Missed work 1=yes, 0=no 0.04 0.19
Missed days of recreation activities 1=yes, 0=no 0.28 0.45
Health History
Current respiratory condition 1=yes, 0=no 0.12 0.32
Current heart condition 1=yes, 0=no 0.09 0.28
Experienced health effects from wildfire 1=yes, 0=no 0.24 0.42
smoke in past
Health and Lifestyle
Times per week of exercise 0 =0 times/week; 1.62 0.92
1 =1-2 times/week;
2 =3-5 times/week;
3= >35 times/week
Smoker 1=yes, 0=no 0.08 0.28
Alcoholic drinks per week O=none; 1 =1-7 0.60 0.73
drinks/week; 2 =8-14
drinks/week; 3= > 14
drinks/week
Current health is excellent 1=yes, 0=no 0.29 0.45
Current health is good 1=yes, 0=no 0.55 0.50
Current health is fair 1=yes, 0=no 0.14 0.35
Current health is poor 1=yes, 0=no 0.02 0.14

(table continued on following page)
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TABLE 4
Study Variables and Summary Statistics (continued)
Variable Coding Mean Std. Dev.
Hours per week of indoor recreation Continuous 2.95 5.89
Hours per week of outdoor recreation Continuous 4.95 7.11
Has a regular doctor 1=yes, 0=no 0.89 0.31
Demographics
Male 1 = male, 0 = female 0.60 0.49
Married 1=yes, 0=no 0.69 0.46
Age Continuous 59.11 15.37
‘White 1=yes, 0=no 0.79 0.41
Graduate school graduate 1=yes, 0=no 0.20 0.40
College/technical school graduate 1=yes, 0=no 0.62 0.49
Employed full-time 1=yes, 0=no 0.48 0.50
Employed part-time 1=yes, 0=no 0.08 0.27
Not employed 1=yes, 0=no 0.42 0.49
Has health insurance 1=yes, 0=no 0.92 0.27
Number of children under 18 years old in Continuous 0.43 0.83
household
Lives in Duarte 1=yes, 0=no 0.13 0.34
Lives in Monrovia 1=yes, 0=no 0.20 0.40
Lives in Sierra Madre 1=yes, 0=no 0.08 0.26
Lives in Burbank 1=yes, 0=no 0.19 0.40
Lives in Glendora 1=yes, 0=no 0.40 0.49
Income 15=<19,999; 83.52 53.50
25 =20,000-29,999;
35=30,000-39,999;
45 =40,000-49,999;
55 =50,000-59,999;
65 =60,000-69,999;
75-70,000-79,999;
85 =80,000-89,999;
95 =90,000-99,999;
125 =100,000—
149,999;
175 =150,000—
199,999;
200 = >200,000
Beliefs
Heard or read about possible health effects 1=yes, 0=no 0.86 0.35
Believes smoke can affect health 1=yes, 0=no 0.90 0.31

TABLE 5
“Yes” Responses by Bid Amount (N = 157)

Bid Amount N 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

address this issue of endogeneity must be em-
ployed. To test for endogeneity of the defen-
sive action variables, we use a version of the
Hausman specification error test (see Haus-
man 1976; Gujarati 2003).2 Results indicate

2 Preliminary analysis shows that only three defensive
actions, “Used a home air cleaner,” “Ran air conditioner
more than usual,” and “Avoided normal outdoor recreation/
exercise,” could be explained by an appropriate set of in-
strumental variables, which is a required feature to employ
this test. These instrumental variables include “Months at
current zip code,” “Income,” “Employed full-time,” and
“Believes smoke can affect health.”



89(1)

that “Used a home air cleaner” is the only de-
fensive action variable that has a negative and
statistically significant effect on the expected
number of symptom days, and is also endog-
enous. Air cleaners and purifiers are recom-
mended in the home during wildfires to help
reduce indoor particle levels (Lipsett et al.
2008; USEPA 2010a). Henderson, Milford,
and Miller (2005) conducted a study on the
effectiveness of air cleaners during wildfires
and prescribed burns and found that homes
with air cleaners experienced 63% to 88% less
particulate matter in the home than those
without air cleaners. Mott et al. (2002) also
found that greater use of high-efficiency air
cleaners in the home was associated with re-
duced odds of reporting adverse health effects
during a 1999 wildfire.

To estimate the health production function
and address the issue of endogeneity in a non-
linear framework, we use a maximum simu-
lated likelihood estimation procedure devel-
oped by Deb and Trivedi (2006a, 2006b).3
The model has the following equations for the
count dependent variable “Symptom days”
and the binary endogenous regressor “Used a
home air cleaner”:

Pr[Y; = yilxpdili] = f(x; ' B+ vd;+ AL,), [16]
Pr[d;=1lz:1;] = g(z; a+ 8l)). [17]

In the health outcome equation [16], y; rep-
resents the total number of days that symp-
toms from exposure to the wildfire smoke
were experienced, and X; represents a vector
of exogenous variables that could affect the
number of symptom days experienced, such
as objective or subjective pollution levels, the
type of symptom experienced, health history,
demographics, and lifestyle factors, with as-
sociated parameters f. The binary endoge-
nous regressor, “Used a home air cleaner,” is
represented by d;, with associated parameter
v. Finally, [; represents latent factors that can
affect the decision to use a home air cleaner,
as well as the number of symptom days ex-
perienced, with associated parameters A.
These latent factors capture the unobserved
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heterogeneity that is the cause of endogeneity
in the model.

“Used a home air cleaner” is modeled in
equation [17] where z; represents a vector of
exogenous variables that could affect the
probability that a home air cleaner is used,
with associated parameters a. These could be
pollution levels, the type of symptom experi-
enced, health history, demographics, lifestyle
factors, as well as beliefs about the effects of
wildfire smoke on health. Again, this equation
includes latent factors /; with associated pa-
rameters &.

Equations [16] and [17] can contain the
same set of exogenous variables; however,
for more robust identification, instrumental
variables that are included in the equation for
“Used a home air cleaner” but excluded from
the equation for “Symptom days” can be
used. The error term in each equation is par-
titioned into latent factors /; and an indepen-
dently distributed random error term. The
joint distribution of “Symptom days” and
“Used a home air cleaner” can then be spec-
ified, conditional on these common latent
factors. While the latent factors are unknown,
it is assumed that they come from a normal
distribution, allowing them to be integrated
out of the joint density. These equations are
then estimated jointly by simulation-based
estimation. “Symptom days” is modeled with
a negative binomial distribution, given the
presence of overdispersion in the data, and
“Used a home air cleaner” is assumed to fol-
low a normal distribution. Two thousand
simulation draws are used based on recom-
mendations from Deb and Trivedi (2006a),
and robust standard errors that take simula-
tion error into account are reported. The re-
sults of this model, including only those vari-
ables that had a statistically significant effect
on expected symptom days, can be found in
Table 6.4

As expected, perceived pollution levels as
measured by whether smoke was smelled both
inside and outside the home for greater than
five days has a positive and statistically sig-
nificant effect on the expected number of

3 We graciously thank Partha Deb for providing access
to his Stata program treatreg2 to estimate this model.

4 The results of the full model are available from the
authors.
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TABLE 6

Defensive Behavior Model
Variable Coef. Robust Std. Err.
Symptom Days, Negative Binomial Regression
Smelled smoke indoors > 5 days 0.394%#5#% 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
Used a 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/technical school 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
Used a Home Air Cleaner, Probit Regression
Smelled smoke indoors >5 days 0.362 0.259
Smelled smoke outdoors > 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/technical school graduate 0.375 0.248
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
Income —0.005%* 0.003
Believes smoke can affect health 1.426%* 0.703
Constant — 3.481%%* 1.096
/A (latent factor) 0.858%:#:% 0.072
/In & — 13.657#%%* 2.491
N 377
Log likelihood —672.066
Wald 72 (24) 424.71
Prob> 2 = 0.0000001

*p < 0.10; #* p < 0.05; *** p < 0.01.

symptom days experienced, all else constant.
Similarly, based on a questionnaire of high
school students and children during the 2003
California wildfires, Kunzli et al. (2006)
found that the risk of experiencing all health
symptoms increased monotonically with per-
ceived pollution levels, as measured by the
number of reported smoky days. In addition,
we find that having ear, nose, or throat symp-

toms, breathing symptoms, or other symptoms
during the wildfire has a positive and statis-
tically significant effect on the expected num-
ber of symptom days, compared to having
heart symptoms. Using a home air cleaner is
the one defensive action that is found to have
a negative and statistically significant effect
on expected symptom days. This finding is
consistent with prior research (Mott et al.



89(1)

2002; Henderson, Milford, and Miller 2005).
Being a male or married has a negative effect
on expected symptom days, compared to in-
dividuals who are female or single. Expected
symptom days increase with age, which is not
surprising given warnings by the CDC and
EPA that older individuals are at greater risk
of experiencing health effects from exposure
to wildfire smoke.

Various factors also have an influence on
whether an air cleaner was used in the home
to reduce exposure to the smoke from the Sta-
tion Fire. The positive and significant coeffi-
cient on the latent factor, lambda, suggests
that individuals who are more likely to use an
air cleaner, based on unobserved characteris-
tics, are more likely to experience symptom
days. This could reflect some predisposition
to getting sick. For instance, individuals who
are more likely to experience symptoms from
wildfire smoke exposure may realize this, and
as a result they may be more likely to take
defensive actions, such as using an air cleaner
in their home during a wildfire.

Contingent Valuation Model

In applying a CVM framework to value a
decrease in the number of symptom days ex-
perienced from exposure to a pollutant, WTP
will be a function of the bid amount and any
variables that would enter the health produc-
tion function. The CVM 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 respondents were asked if they would be
willing to pay a specified bid amount to re-
duce the number of symptom days experi-
enced by any member of the household by
50%.

Ultimately, we would like to know the ac-
tual WTP distribution of all 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 that re-
spondent’s actual WTP is greater than or equal
to this value, or responded “no,” in which case
the actual WTP is less than this value. Thus,
the actual underlying WTP distribution of in-
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terest, which we refer to as WTP*, is un-
known. Following closely the work of Alber-

ini (1995), a linear WTP model can be
specified as

WTP,'*=Xi/ﬁ+Ei, [18]

where x; represents a vector of independent
variables that could influence the individual’s
WTP, and ¢ is a normally distributed error
term. Whether or not an individual was will-
ing to pay a specified bid amount is observed,
so the probability that the individual responds
“yes” to a specified bid amount “bid;” is equal
to the probability that the random WTP func-
tion is greater than that offered bid amount:

Pr(WTP* > bid;|x;') =1 — F(bid;| x; "), [19]

where F is the cumulative distribution func-
tion of WTP;*. This model is estimated by the
method of maximum likelihood, which re-
quires that a distribution is specified for the
underlying WTP distribution. Various proba-
bility distributions were considered to model
WTP; however, a log-normal functional form
is chosen for two main reasons. First, while a
logistic distribution is frequently assumed, it
has been noted that a logit regression model
should have a sample size of at least 500 ob-
servations (Studenmund 1992). However, in
this study, only 157 respondents were eligible
to respond to the CVM 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 estimat-
ing WTP values. Second, assuming a nonneg-
ative distribution for WTP seems reasonable
for the case of valuing a decrease in symptom
days from exposure to wildfire smoke. It
seems implausible that individuals would hold
negative values for a decrease in a health out-
come whose presence is expected to reduce
their utility. As Alberini and Cooper (2000)
point out, a negative WTP value would indi-
cate that the average individual would actu-
ally pay to be sick. The log of the bid amount
is included in the model to restrict WTP val-
ues to lie between zero and infinity. Assuming
WTP follows this log-normal distribution, the
WTP model can be specified as
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WTP* =exp(x;’ B+¢€)), [20]

and the probability of individual i responding
“yes” to a specified bid amount “bid;” be-
comes

Pr(WTP* > bid;|x;") =1 — F(bid;| x; ") [21]

In(bid;) —
ofey
o

where WTP* is the log of WTP, @ is the stan-
dard normal cumulative distribution function,
u and o are, respectively, the mean and stan-
dard deviation of the log transformation of
WTP. Assuming WTP; =1 if the respondent is
willing to pay the specified bid amount and 0
otherwise, the log likelihood function can be
written as

In(bid;) — u)]

o

InL=> {(WTP,»)Zn[l - q>(
i=1

In(bid;) —
+(1— WTP))In @(7)}. [22]
(o)

A probit regression model is estimated to
model the determinants of the predicted prob-
ability that the individual is willing to pay the
specified bid amount. An additional variable
controlling for the number of individuals in
the household who experienced symptoms is
added to this model. Given that the respondent
was valuing a 50% reduction in all symptom
days experienced in the household, the dura-
tion of the illness is captured by a variable
representing half of all symptom days expe-
rienced in the household. A test down ap-
proach is implemented to arrive at the final
reduced model, eliminating variables one at a
time that do not have a statistically significant
effect on the predicted probability that the in-
dividual is willing to pay the specified bid
amount. The results of this reduced regression
model can be found in Table 7.5-6

5 For comparison purposes, a logit, normal, and log-logit
model were also estimated. The Akaike and Bayesian infor-
mation criterion confirm that the log-normal and log-logit
models are superior to the linear in bid models, and the log-
logit and log-normal models are virtually identical in fit.

6 The results of the full model are available from the
authors.
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The bid coefficient in this model is nega-
tive and statistically significant at the 1%
level, indicating that the higher the bid
amount, the less likely the individual is will-
ing to pay, all else constant. This provides evi-
dence of theoretical construct validity to the
CVM question responses. The natural log of
half of all household symptom days is positive
and statistically significant at the 5% level.
The coefficient on this variable is less than
one, implying that WTP increases with house-
hold symptom days, but at a decreasing rate.
This is similar to findings by Alberini et al.
(1997), Johnson, Fries, and Banzhaf (1997),
Liu et al. (2000), and Dickie and Messman
(2004). Individuals with a current heart dis-
ease are also more likely to be willing to pay
the specified bid amount, and this variable is
significant at the 10% level.

Turning to lifestyle and demographic fac-
tors, we find that being a college or technical
school graduate has a positive and significant
effect on WTP compared to those respondents
without degrees. Having health insurance has
a negative effect on the probability that the
individual is willing to pay the specified bid
amount, and this variable is significant at the
1% level. Finally, living in the city of Duarte
or Burbank has a positive and significant ef-
fect on WTP compared to living in Monrovia,
Sierra Madre, or Glendora. Interestingly, a
variable controlling for the number of indi-
viduals in the household who experienced
symptoms was included in the full model but
did not have a significant effect on WTP.

VII. BENEFIT ESTIMATES FOR A
REDUCTION IN ONE WILDFIRE
SMOKE-INDUCED SYMPTOM DAY

Defensive Behavior Method WTP

In the DBM regression model, the individ-
ual WTP for a given change in illness dS can
be calculated as — [p4/(0S/0D)]dS from equa-
tion [13]. Given that using a home air cleaner
is the only defensive action found to have a
statistically significant effect on symptom
days, the WTP measure is based on this ac-
tion. The incremental effect of this endoge-
nous input on output is —0.31, meaning the use
of an air cleaner is expected to reduce symp-
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TABLE 7
Probit Regression of WTP for 50% Reduction in Symptom Days
Variable Coef. Std. Err.
In(Bid amount) — 0.455%#: 0.095
In(Half of household symptom days) 0.338%* 0.156
Current heart condition 0.695%* 0.365
College/technical school graduate 0.666%* 0.286
Has health insurance — 1.093%** 0.391
Lives in Duarte 0.687%* 0.343
Lives in Burbank 0.546%* 0.294
Constant 1.201%* 0.575
N 157
Log likelihood —78.873
Likelihood ratio 2 (7) 45.610
Prob > 2 0.0000001

*p < 0.10; #* p < 0.05; *#** p < 0.01.

tom days by 0.31.7 Taking the average cost
reported by those respondents who used an air
cleaner in their home during the Station Fire
results in an estimated price of $26.93 for this
defensive action. The average respondent’s
WTP for a reduction in one symptom day
from exposure to wildfire smoke is equal to
—26.93/—0.31 =$86.87.

Issues such as joint production are often
raised when considering the validity of the es-
timated value for a reduction in symptom days
using this method. For instance, if the defen-
sive action used in the estimate enters into an
individual’s utility function directly, rather
than just through its effect on symptom days,
WTP values may be inflated. However, a few
factors work to our advantage when taking
this complication into account. As previously
mentioned, respondents were asked to report
only those actions taken as a direct result of
exposure to the Station Fire smoke. In addi-
tion, home air cleaners are typically used for
the specific purpose of reducing indoor pol-
lution levels. Therefore, there is good reason
to believe that the marginal effect of home air
cleaner use on expected symptom days is ac-
curately calculated.

7 The discrete change in expected count outcome result-
ing from a change in binary variable X* from 0 to 1 can be
calculated as [,u,-%Xk = 0] [exp(ﬁk) — 1], where u = exp(Xp),
with all variables except X* set at their sample mean.

Contingent Valuation Method WTP

One goal of this study is to compare the
WTP value estimated by applying the CVM
to a simple COI estimate and the WTP value
estimated by applying the DBM. Given the
assumed log-normal distribution of WTP, the
median value can be calculated as

E(WTP) =exp(u), (23]
and the expected value as

E(WTP) =exp(u+0.50%), [24]
where u and o are, respectively, the mean and

standard deviation of the logged WTP. Esti-
mates of ¢ and o are recovered as follows:

: )2] [25]

Binbid

Xi'

E(WTP)=exp

+0.5( -
Binbid

By setting all independent variables at their
sample mean, the WTP to avoid an average
number of symptom days experienced in the
household can be estimated. This results in a
value of $400 to avoid an average of seven
symptom days, or $57 per day. Plugging in
one symptom day and setting all other inde-
pendent variables at their average value re-
sults in a mean WTP value of $95.03 for a
reduction in one wildfire smoke—induced
symptom day. This is the value focused on for
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the comparison across methods. Due to the
fact that WTP is increasing at a decreasing
rate in symptom days, the WTP to avoid one
symptom day is much larger than the WTP
per day to avoid an average of seven symptom
days. This is consistent with previous studies
such as that by Alberini et al. (1997), who
found that WTP per day to avoid a five-day
illness was about one-third the WTP to avoid
a one day illness.

Calculating a median estimate of WTP re-
sults in a much smaller value of $8.51 to avoid
one day of symptoms. A positively skewed
distribution of WTP in this health valuation
context has been observed in studies such as
those by Loehman et al. (1979) and Dickie et
al. (1987). This likely indicates the presence
of significant variation in tastes and prefer-
ences across the population. We continue to
focus on the mean WTP measure of central
tendency, given that the majority of previous
studies comparing CVM WTP values with ei-
ther DBM WTP values or COI estimates have
focused on mean CVM WTP values to make
this comparison (see Rowe and Chestnut
1985; Dickie et al. 1986; Berger et al. 1987,
Dickie et al. 1987; Chestnut et al. 1996, 2006),
and one focus of this study is comparing our
findings to theirs. In addition, efforts to re-
cover total population benefit estimates re-
quire sample mean WTP values.

While these estimates represent the WTP
for a reduction in 50% of the symptom days
that all members of the household experi-
enced, recall that a covariate 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 probability that the indi-
vidual was willing to pay the specified bid
amount. Given that having health insurance
has a negative and highly significant effect on
the probability that the individual is willing to
pay the specified bid amount, it would be in-
teresting to compare WTP values for those in-
dividuals with and without insurance. How-
ever, given the very small sample size of
respondents without insurance who were eli-
gible to respond to the stated preference ques-
tion, we do not make this comparison here.
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Cost of Illness

To calculate a traditional COI estimate
(COlyyq) from the sample of survey respon-
dents, those individuals who experienced
health symptoms from exposure to the Station
Fire smoke are the focus for the analysis. The
direct and indirect costs incurred by each in-
dividual as a result of these symptoms are to-
taled. This includes expenditures on medical
visits and prescribed medications, expendi-
tures on nonprescription medications, expen-
ditures on visits to a nontraditional healthcare
provider, lost wages, as well as the opportu-
nity cost of time spent obtaining medical care,
valued at the individual’s wage rate. For each
individual, this total COI is divided by the
number of symptom days experienced to ar-
rive at a daily COI estimate. Taking the av-
erage across the sample of respondents who
experienced symptoms, results in a COI per
symptom day of $3.02, with a median esti-
mate of $0. This is consistent with the dis-
crepancy between mean and median CVM
WTP estimates. It should be noted that the
medical costs used in these calculations rep-
resent private, out-of-pocket costs of treat-
ment paid by the patient and do not include
costs incurred by insurance providers.

Taking this calculation one step further
to arrive at a comprehensive COI estimate
(COlcomp), the value of lost recreation is in-
corporated into the estimate. For each individ-
ual who experienced health symptoms from
wildfire smoke exposure, the number of days
of recreation that individual missed as a direct
result of these symptoms is multiplied by the
average consumer surplus per day of sight-
seeing in the Pacific coast region, estimated
to be $20.27 based on four previous study es-
timates (see Loomis 2005). While there are
many estimates of the value of various rec-
reational activities provided in the literature,
the activity of sightseeing was chosen for a
number of reasons. First, the Public Opinions
and Attitudes Survey of 2007 found that in
general Californians participate in recreation
activities that are inexpensive and require lit-
tle equipment and technical expertise. Of the
top 15 recreational activities participated in,
sightseeing was ranked second by participa-
tion of those individuals surveyed (California
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Department of Parks and Recreation 2009).
While walking for fitness or pleasure was
ranked first, there are no value estimates for
this recreational activity found in the litera-
ture. Second, the average age of the Station
Fire survey respondents that experienced
health effects and lost recreation days as a re-
sult was 54 years with a maximum age of 89.
Therefore, sightseeing is likely a reasonable
activity to capture the lost recreation value to
the full range of survey respondents. Incor-
porating this value into each individual’s total
COI and dividing by the number of symptom
days experienced results in an average com-
prehensive COI per symptom day of $16.87
(median of $13.51).

Comparison of Values

The mean CVM WTP value and marginal
DBM WTP value are around 30 times larger
than the traditional COI estimate and more
than five times larger than the comprehensive
COI estimate for a reduction in one symptom
day. These ratios of WTP:COI are greater than
that found in the majority of previous studies
that have compared the two. However, this is
the only study to calculate this ratio for the
specific case of wildfire smoke exposure using
primary data. In addition, while only 20 in-
dividuals surveyed sought traditional or non-
traditional medical care as a result of symp-
toms, 366 of these individuals took costly
defensive actions to protect themselves from
exposure to the wildfire smoke. Further, of the
156 respondents who experienced health
symptoms, 110 of them missed recreation
days as a result of these symptoms. The dis-
utility associated with symptoms or lost rec-
reation captured in the WTP estimate but not
the traditional COI estimate may be substan-
tial for individuals exposed to wildfire smoke.
Similar to what theory would predict, incor-
porating the value of lost recreation into the
COlI estimate reduces the ratio of WTP to COI
considerably.

The daily WTP values of $86.87 and
$95.03 fall within those estimated in the lit-
erature for other air pollutants. Johnson, Fries,
and Banzhaf (1997) summarized a number of
studies estimating WTP values for a reduction
in various health symptoms and found that
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TABLE 8

Values for Reduction in One Wildfire Smoke—
Induced Symptom Day

Method Point Estimate 90% CI
COlyyaq $3.02  [$1.63-$4.41]
COIComp $16.87 [$14.11-$19.62]
Defensive behavior WTP $86.87  [$76.56-$443.26]
Contingent valuation WTP  $95.03  [$22.78-$610.42]

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 symp-
toms. By combining a meta-analysis of mor-
bidity valuation studies with a health-status
index, the authors themselves estimated val-
ues 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 asthma.®

To explore whether our point estimates of
WTP and COI are statistically different, Table
8 presents the estimates of the value for a re-
duction in one wildfire smoke—induced symp-
tom day, along with the 90% percentile con-
fidence intervals from 1,000 bootstrapped
coefficients for the WTP models and standard
confidence intervals around the mean COI es-
timates. The 90% confidence interval of $1.63
to $4.41 around the traditional COI estimate
does not overlap the 90% confidence intervals
around the WTP values. The null hypothesis
that this estimate equals either of the WTP
values can be rejected at the 90% confidence
level. While the confidence interval around
the comprehensive COI estimate of $14.11 to
$19.62 is much closer to overlapping the in-
terval around the mean CVM WTP estimate,
the null hypothesis that this COI estimate
equals either of the WTP values can also be
rejected at the 90% confidence level. How-
ever, in making this comparison between
WTP and COI estimates, a few properties of
the WTP measures warrant further discussion.
As explained by Haab and McConnell (2002),
three sources of randomness in a WTP mea-
sure may be present: randomness of prefer-
ences, randomness of estimated parameters,

8 All values were converted to 2009 U.S. dollars using
the Consumer Price Index.
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and variation across the sample of individuals.
The wide bounds on the confidence intervals
around the WTP measures indicate high vari-
ability across individuals in the sample, al-
though the relatively small sample sizes are
undoubtedly also a factor in the large confi-
dence intervals. Nonetheless, these sources of
randomness should be recognized when con-
sidering the difference between WTP and COI
estimates.

Turning to the comparison of the two WTP
point estimates, the confidence intervals over-
lap at even the 90% level of confidence, which
would imply that the null hypothesis of equal-
ity between the two values cannot be rejected.
However, this result should be confirmed with
the complete combinatorial convolutions ap-
proach, as it has been shown to result in a
lower likelihood of type II error than compar-
ison of confidence intervals. This test results
in a one-sided p-value of 0.31 and a two-sided
p-value of 0.62. This confirms the comparison
of confidence intervals, and we conclude that
the null hypothesis of equality of the two
WTP point estimates cannot be rejected at
standard significance levels. It should be
noted that the CVM WTP value is estimated
as a discrete change and the DBM WTP value
is estimated as a marginal change, which
could create some disparity between the two.

VIII. CONCLUSIONS

There is considerable concern over the
health effects individuals experience from ex-
posure to the pollutants contained in wildfire
smoke, and agencies such as the EPA often
attempt to quantify the cost imposed on indi-
viduals as a result of this exposure. While it
is recognized that estimates from a COI ap-
proach will often underestimate the economic
value of reduced damages to human health,
they will continue to be used if there are no
other value estimates in the literature.

This study attempts to fill this gap by quan-
tifying the individual value of a reduction in
one wildfire smoke—induced symptom day
by applying two nonmarket valuation ap-
proaches. Using data on the defensive actions
individuals reported taking during Califor-
nia’s Station Fire of 2009 along with their as-
sociated costs, the DBM application reveals
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that individuals are willing to pay an average
of $86.87 for a reduction in one symptom day.
The results of a CVM question reveal that in-
dividuals are willing to pay on average $95.03
for a reduction in one symptom day. Compar-
ing these values to a commonly monetized
COlI estimate reveals that for the case of wild-
fire smoke exposure, WTP values can be up
to 30 times larger than a traditional COI es-
timate and up to five times larger than a more
comprehensive COI estimate that incorpo-
rates the value of lost recreation. Analysis of
confidence intervals reveals that while the
mean CVM WTP value and marginal DBM
WTP are statistically different from the COI
estimates, they are not statistically different
from one another. The complete combinato-
rial test further confirms this finding. This re-
sult is promising for future applications of
both the CVM and DBM in the realm of valu-
ation of health damages, as it provides a test
of convergent validity between the two mea-
sures.

As this is the first study to estimate WTP
values and a WTP:COI ratio for the specific
case of reduced health damages from wildfire
smoke exposure, these findings could be use-
ful in a benefit transfer context. WTP values
estimated in this study could be applied to fu-
ture wildfires with similar characteristics to
the Station Fire in terms of location, size,
length of time until containment, effects on
human health, and so on. However, care
would have to be taken to ensure the accuracy
of such a value transfer. The cost of human
health damages from exposure to wildfire
smoke is one component of the full cost of
wildfire damages. Incorporating these mone-
tized values into comprehensive cost esti-
mates of a given wildfire can help inform ob-
jective analyses of the appropriate level of
funding for fire prevention practices such as
prescribed fire and forest thinning. In addi-
tion, if policy makers use COI estimates to
quantify the cost of health damages from
wildfire smoke, applying a conservative cali-
bration factor of five found in this study may
more accurately reflect the true value of these
damages for the specific case of wildfire
smoke exposure than applying ratios found in
the literature specific to other pollutants.
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Future studies should continue to compare
WTP values to COI estimates for the specific
case of wildfire smoke exposure to test
whether the ratios estimated here are fairly
consistent across wildfires. This could provide
agencies with greater confirmation of the de-
gree of understatement in benefit estimates
typically associated with using a COI esti-
mate. We also recommend that agencies in-
corporate less traditional costs associated with
health symptoms such as the value of lost rec-
reation when using a COI estimate, as this will
bring the estimate closer to a more compre-
hensive welfare measure such as WTP. This
may prove especially important for pollution
exposure cases in which a large portion of in-
dividuals experience minor symptoms for
which they do not seek medical attention. Fu-
ture surveys could also question individuals
about which specific recreation activities were
missed as a result of symptoms in an effort to
attach an accurate consumer surplus value to
this loss. Further, collecting data on attitudes
about the most important components of an
individual’s WTP for symptom day reduction
could reveal whether defensive actions or dis-
utility components of symptoms and lost lei-
sure represent a significant economic cost to
individuals.

Finally, two limitations to this study should
be noted. First, we did not attempt to capture
medical costs incurred by insurance provid-
ers. Second, while children are often heavily
affected by wildfire smoke, it is difficult to
apply revealed preference approaches such as
the DBM to capture the economic value of
reduced health damages imposed on children
specifically. However, stated preference ap-
proaches could be used to question parents
about their WTP to reduce the health effects
experienced by children in the household spe-
cifically. This could be a valuable area for fu-
ture research. This information will likely be-
come increasingly important in areas such as
California where large wildfires are moving
closer to city centers and are no longer con-
fined to rural areas.
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