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Abstract
Wildfire presents a growing threat across the American West. We conducted an online 
choice experiment in Western Colorado to assess how social interactions affect wildfire 
mitigation decisions through two distinct pathways: risk interdependency (neighbors’ con‑
ditions affect perceived wildfire risk) and social norms (neighbors’ actions affect percep‑
tions of appropriate mitigation choices). In contrast to key observational studies, we find 
that participants are less likely to choose to mitigate when they have more neighbors with 
sparse vegetation. This effect operates through the risk interdependency pathway: sparse 
vegetation on neighboring properties lowers participants’ wildfire risk perceptions and 
appears to be viewed as a substitute for one’s own mitigation actions. In this context, where 
neighbors are nameless and faceless, social norms do not counteract this negative effect. 
To reconcile this experimental result with observational studies, we discuss how both risk 
interdependency and social norms are influenced by geographical and social contexts and 
highlight how these insights can inform future research and policy action.

Keywords  Wildfire · Risk mitigation · Social interactions · Social norms

1  Introduction

In the face of increasing wildfire hazards, actions that homeowners take to reduce fire risk 
on private property are crucial. Our research examines how and why the mitigation behav‑
iors of people living in the wildland–urban interface (WUI) may be affected by conditions 
on neighbors’ properties. Prior research has highlighted two key processes that explain 
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interconnected wildfire mitigation decisions. First, wildfire ignores property lines, such 
that the fuel conditions on one property affect wildfire risk for surrounding homes (Shafran 
2008). Second, people care about what their neighbors think of them and may face (tan‑
gible or intangible) social rewards or penalties for their mitigation actions. Prior obser‑
vational studies have found associations between homeowners’ wildfire mitigation deci‑
sions and neighbors’ mitigation choices (Brenkert-Smith et al. 2013; Dickinson et al. 2015; 
Brenkert-Smith 2010, 2011). However, it is difficult to separate causal social effects from 
other explanations for common patterns of behavior within social groups, such as shared 
characteristics or influences (see Manski 1993). To further explore these pathways in an 
experimental setting, we conducted online choice experiments that allowed us to tightly 
control the conditions under which mitigation choices were made and to conduct rigorous 
tests of the effects of others’ behavior on these decisions. By conducting these experiments 
with homeowners currently living in fire-prone areas and by collecting a rich set of data on 
homeowners’ knowledge, attitudes, behaviors, and motivations for these behaviors, we are 
able to examine how these real-world characteristics and experiences influence responses 
to changing social conditions in the experiments.

2 � Background

In the past fifteen years, WUI areas throughout the USA have incurred increased economic 
and social costs due to wildfire. The past few years have seen record-breaking fire seasons 
across the country. The fire season of 2017 was noteworthy for the high number of acres 
burned (over 10 million acres from more than 71,000 fires across the USA) (NIFC.gov 
2017b), and for the air quality impacts and health advisories resulting from wildfire smoke 
that particularly impacted the American West (Reid et  al. 2016). The subsequent year, 
2018, rewrote history with the worst WUI disaster in recent years. The Camp Fire in Para‑
dise, CA, resulted in 85 fatalities, destroyed nearly 19,000 structures across 153,000 acres, 
and resulted in the evacuation of 52,000 homes. The fall of 2019 brought another series of 
catastrophic fire events across California. These events have focused renewed attention to 
the conditions in wildland–urban interface communities, and to decisions made by those 
most vulnerable to direct wildfire impacts (Sagat 2018).

Just as US record books have been repeatedly rewritten in recent years, Colorado saw its 
own series of record-breaking fire events in 2012 and 2013. In the summer of 2012, Colo‑
rado saw almost a quarter million acres burn as conditions across the Rockies were perfect 
for high wildfire risk (i.e., hot, dry, and windy) (NOAA 2012). June of that year was the 
hottest on record in the state; in that month, the High Park fire started outside of Fort Col‑
lins, CO, destroying 259 homes, and Colorado Springs’ Waldo Canyon fire destroyed 346 
homes. Just a year later, in June of 2013, records were broken yet again when the Black 
Forest fire became the most destructive fire in state history, causing two fatalities, the evac‑
uation of 38,000 people, and the destruction of 509 homes. While these types of wild‑
land–urban interface disasters are more common on the state’s Front Range, Colorado’s 
Western Slope has also seen active fire seasons exacerbated by extremely dry winters and 
ongoing high temperatures. Rapid development (Radeloff et al. 2010) and drought (West‑
erling and Swetnam 2003) have added to the fire risk in this region. These factors and cli‑
mate-related changes in wildfire behavior are associated with longer fire seasons and larger 
fires (Dennison et al. 2014), more houses burned (Hammer et al. 2009), and congressional 
annual appropriations for fire suppression pushing over $2 billion (NIFC.gov 2017a).
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While actions at multiple scales are required to effectively reduce the risk of wildfire, 
homeowners’ decisions in fire-prone areas play a central role in shaping wildfire occur‑
rence and related impacts. The purpose of this research is to gain a better understanding 
of those decisions, and specifically, how interactions between neighbors in the WUI shape 
risk mitigation choices. Conceptually, there are several pathways through which the actions 
of neighbors and other social contacts can influence homeowners’ decisions about whether 
and how to take action to reduce wildfire risk. These include information transmission and 
learning effects [e.g., learning about wildfire risk and mitigation options (McCaffrey et al. 
2011; Dickinson et al. 2015)], and effects on how risks are interpreted [e.g., social ampli‑
fication of risk (Brenkert-Smith et al. 2013; Kasperson et al. 1988)]. For the purposes of 
this paper, we focus on two social interaction pathways: risk interdependency and social 
norms. While these are not the only channels through which neighbors can affect each oth‑
ers’ mitigation choices, they are particularly relevant in the wildfire context, and the inter‑
action between these effects in particular has been understudied. To our knowledge, no 
single study has explicitly addressed both processes in the context of wildfire mitigation 
decisions. Our approach is thus unique in that we recognize the (potentially interactive) 
roles that these processes play in shaping fire mitigation choices, and, crucially, in that our 
methods allow us to separately identify each of these roles, albeit in an experimental, stated 
preference context. In this section, we review relevant strands of the risk interdependency 
and social norms literatures, specifically as they relate to risk-related decision making in 
the face of wildfire and other natural hazards.

2.1 � Risk interdependency

A key feature of the wildfire problem is that the rate at which a fire spreads, the potential 
devastation of a fire, and sometimes the likelihood of ignition are shaped by one’s own 
decisions and actions, as well as those of neighboring land owners. Thus, one property 
owner’s safety is dependent on other community members’ actions to reduce wildfire risk. 
We refer to this phenomenon as risk interdependency throughout this paper; closely related 
terms used in prior studies include interdependent security (Kunreuther and Heal 2003) 
and risk externalities (Shafran 2008). For example, Kunreuther and Heal (2003) developed 
games in which the risk of experiencing a loss depended on the mitigation or risk averting 
actions of multiple players. These models illustrate the potential for sub-optimal collective 
outcomes: while the “all-invest” outcome is the Pareto optimum, individual utility-maxi‑
mizing agents may not find it in their interest to invest unilaterally, leading to a sub-optimal 
equilibrium in which no one mitigates. However, if enough agents can be induced to invest, 
the system has the potential to tip from the inefficient to the efficient equilibrium (Schelling 
1978).

Linking this risk interdependency concept to the wildfire context, Shafran (2008) devel‑
oped a theoretical model, which is discussed in more detail in the next section, leading to 
the insight that the effect of neighbors’ mitigation on a household’s own mitigation behav‑
ior depends on whether own and neighbors’ actions are viewed as strategic complements or 
substitutes. Specifically, under strategic complementarities, the benefits of one’s own miti‑
gation increase when more neighbors mitigate, while strategic substitutes imply that the 
benefits of one’s own mitigation decrease as neighbors’ mitigation increases. Empirically, 
Shafran finds a positive relationship between own and neighbors’ mitigation levels in Colo‑
rado, interpreting this as evidence of strategic complementarities. Building on Shafran’s 
work, Taylor (2015) conducted a similar analysis for 35 communities in Nevada with 
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different vegetation types, and found evidence of strategic complementarity for three of 
these (sagebrush, pinyon-juniper, and alpine forest) while no risk interdependency effects 
were observed in grassland communities. In both of these studies, results were attributed to 
risk interdependency, and the possibility that households were imitating their peers’ behav‑
iors or responding to social pressure to “do their part” to reduce fuel loads in the commu‑
nity was not discussed. Warziniack et al. (2019) conducted a spatial spillover analysis using 
a dataset that paired professionally assessed wildfire risk with social survey data in South‑
western Colorado, finding that parcels with well-mitigated defensible space tended to be 
close to other parcels with well-maintained defensible space, while parcels with overgrown 
or dense vegetation within their defensible space are similarly situated near like parcels. 
Further, matched social surveys indicate that respondents who report working and talking 
with neighbors about wildfire risk also report having more defensible space. Consistent 
with previous studies described, however, the timing, direction, or mechanism of influence 
remains unknown. Indeed, in an observational study, disentangling these effects is quite 
difficult.

Experimental studies offer an alternative way of exploring risk interdependency, avoid‑
ing some of the identification problems inherent in observational studies. A subsequent 
study by Shafran (2010) constructed a set of experimental games in which subjects decided 
whether or not to pay to reduce the risk of a loss, the probability of which depended on 
the actions of other players in the game. Shafran observed behaviors in three different ver‑
sions of the game, two of which involved different subsidy schemes intended to change 
the incentives for choosing mitigation. Results revealed that subjects rarely coordinated on 
the efficient equilibrium. Introducing subsidies for some or all players did increase mitiga‑
tion levels, but in this application players rarely achieved the optimal “all-invest” solution. 
Subsequent studies have explored these effects further, for example, by examining spatial 
vs non-spatial dependency structures and stochastic vs deterministic outcomes (Kroll and 
Shafran 2017).

The role of risk interdependency in shaping decisions has also been explored in the con‑
text of other types of hazards. Kunreuther et al. (2004) present a conceptual model in the 
context of households’ decisions to invest in protection against an earthquake. A house‑
hold can make improvements to the structure of its own house, but if a neighboring house 
does not make these improvements, it may collapse and cause serious damage to one’s 
own property. Thus, the incentive to invest decreases as the number of other players who 
do not invest in protection increases. Complementing this conceptual model, Meyer (2008, 
2010) constructed laboratory experiments that used computer-based visual games to exam‑
ine households’ protective decisions in the face of earthquakes and hurricanes. However, 
these games did not explicitly incorporate risk interdependency, but were focused instead 
on understanding learning processes and, to some extent, the role of social norms. For 
example, Meyer (2008) found that respondents had a tendency to mimic local group norms 
in earthquake preparedness investment levels.

2.2 � Social norms and hazard mitigation

Despite receiving relatively little systematic attention in the context of wildfire and other 
natural hazards, social norms represent a second key pathway through which neighbors’ 
behaviors can affect a household’s risk mitigation choices. Social norms refer to that which 
is socially sanctioned (Cialdini et  al. 1991), which can both refer to common behaviors 
(Kallgren et al. 2000) and actions that receive approval or disapproval (Cialdini et al. 1990). 
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For our purposes, social norms refer to a wide array of different processes and mechanisms 
through which individuals assign value to different actions by observing and engaging with 
other members of social groups. Friends, relatives, neighbors, and co-workers function as 
sources of influence in the dynamic process through which hazard-related decisions are 
made (Short 1984; Lion et al. 2002), and interactions within these social groups provide 
venues in which people test the “appropriateness” of their actions in terms of agreement 
with persons with differing levels of importance in their social environment (Turner et al. 
1980; Fishbein and Ajzen 2010). In contrast to rational choice models, the Appropriateness 
Framework takes social processes and mechanisms into account, asserting that decision 
making in social dilemmas is guided by an interpretation of the situation through the inter‑
action of various social processes, including one’s identity and situational cues. It is this 
interpretation that sculpts decision making by defining whether, for example, the situation 
is cooperative or competitive. Subsequently, this definition prescribes a choice set (Weber 
et al. 2004). Norms and social learning may be particularly important when the physical 
environment is undergoing rapid change and changing levels of risk (Wolfe 1993).

Recent research specific to wildfire has begun to highlight the role informal social inter‑
actions play in shaping understandings of wildfire risk and appropriate actions to reduce 
risk (Brenkert-Smith 2010), the influence of talking about wildfire risk with neighbors on 
mitigation outcomes (Brenkert-Smith 2011; Dickinson et al. 2015), and the relative influ‑
ence of formal versus informal interactions and sources of information on wildfire risk per‑
ception (Brenkert-Smith et al. 2013). One channel through which norms may shape mitiga‑
tion choices is via socially constructed preferences for more or less dense vegetation. For 
example, Nelson et al. (2005) found that interview respondents preferred a “natural” look 
to their forest and that private property management decisions were informed by desire to 
maintain privacy, wildlife, aesthetics, and recreation. Meanwhile, Meldrum et  al. (2018) 
found that about a fifth of survey respondents would not change how their property looked 
in order to reduce wildfire risk.

Despite evidence that social norms may shape risk mitigation choices in multiple ways, 
quantifying this role and identifying the mechanisms through which norms operate is dif‑
ficult in observational studies. For example, previous work has shown that certain types 
of interactions, such as talking with neighbors about wildfire, are positively related to 
reported mitigation actions (Dickinson et al. 2015). However, from this observation alone 
it is unclear whether interactions cause increases in mitigation, or whether individuals who 
tend to mitigate also tend to interact more with their neighbors. There is an extensive litera‑
ture discussing the statistical and conceptual challenges involved in distinguishing causal 
social effects from other explanations for consistent patterns of outcomes within social 
groups (Manski 1993; Soetevent 2006; Brock and Durlauf 2001).

Once again, experiments and quasi-experiments can be useful in overcoming some of 
these challenges. Within the broad literature on social norms, recent evidence has high‑
lighted social comparisons as a relevant mechanism that may induce homeowners to 
change their behaviors. The question is whether households will feel social pressure to 
increase their level of mitigation when they observe that others in their community are 
also mitigating. Fischbacher et al. (2001) tested this “conditional cooperation” hypothesis 
in a set of laboratory experiments and found that about half of their participants increased 
their contribution to a generic “public good” as the contribution levels of other players 
increased. Several subsequent studies have designed field experiments around a similar 
set of hypotheses, examining the effects of social comparisons on contributions to charity 
(Frey and Meier 2004) and public radio (Croson and Shang 2008), energy conservation 
(Ayres et al. 2012; Allcott 2011), and water conservation (Ferraro and Price 2013). In the 
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latter case, Ferraro and Price (2013) conducted a study in which 100,000 households in 
Cobb County, GA, were randomly assigned to three treatment groups that received differ‑
ent types of messages along with their utility bills. The first group received a “tip sheet” 
with technical information on ways to save water, while the second group received the tip 
sheet along with a message intended to appeal to “pro-social preferences.” This message 
included phrases like, “We all have to do our part,” and “We need your help.” Finally, 
the third group’s message included a social comparison: information was provided on the 
household’s own consumption over a prior period and the average water use among neigh‑
bors, along with a message that said, “You consumed more water than XX% of your Cobb 
County neighbors.” [The study’s authors cite Cialdini et al. (2006) and Schultz et al. (2007) 
in their choice of this negative frame.] Results indicate that the social comparison group 
reduced water use more than the other two groups, with these social norm effects being 
largest among households that previously used more water than average.

While we have thus far presented risk interdependency and social norms as two separate 
pathways through which the behaviors of one’s neighbors can affect one’s own mitigation 
choice, we note that these pathways may interact. Indeed, in the real world, these effects 
are operating simultaneously and dynamically to influence mitigation outcomes. A rich lit‑
erature spanning the social sciences has put forth a variety of mechanisms through which 
societies and communities can encourage (or coerce) individuals to contribute to the public 
good and achieve successful collective outcomes through social norms (e.g., Ostrom 1990, 
2000; Sethi and Somanathan 1996). By raising costs for individuals that fail to invest, 
social norms can help to solve the problems inherent in interdependent risk contexts, help‑
ing to tip communities toward the efficient outcome. Recent policy efforts in the wildfire 
context are based on this premise, making this a particularly relevant context in which to 
explore interactions between risk interdependency problems and social norms. With the 
passage and implementation of the Healthy Forests Restoration Act in 2003, Community 
Wildfire Protection Plans (CWPPs) have become the dominant management strategy, and 
the central goal of this policy is to create incentives for communities to understand the 
interdependent nature of wildfire risk and adopt collaborative risk reduction strategies. 
These community-focused goals have since been solidified through the creation of Fire 
Adapted Communities, as one of three pillars in the National Cohesive Strategy (Council 
2014).

3 � Model

Drawing on this background, we develop a simple conceptual model to describe home‑
owners’ wildfire mitigation choices. We begin with Shafran’s (2008) risk interdependency 
model, and then supplement this model to include social norms.

3.1 � Shafran’s risk externality model

Each of N agents living in a WUI community has income Y and faces a risk of loss L if 
a wildfire destroys their house. (In this model, there are no partial losses.) P, the prob‑
ability that the house is destroyed by wildfire, depends on the agent’s defensible space 
( ai ∈ ℝ

+ ), a weighted average of defensible space choices of neighboring homeowners 
( ni =

∑

j≠i wijaj ), and other relevant risk factors ( Xi):
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The cost of defensible space is c per unit of defensible space created. Agents choose the 
amount of defensible space to maximize utility, defined as expected consumption of a 
composite good equal to income minus the cost of defensible space and expected wildfire 
losses:

Given this model, the first-order condition for utility maximization is:

where P1 is the first derivative of the probability function with respect to ai . (Shafran 
shows that the choice of ai that satisfies this equation will be inefficient compared with the 
socially optimal level of defensible space that optimizes the sum of all homeowners’ utility 
functions.)

Here, we are primarily interested in the effect of a change in neighbors’ defensible space 
on an agent’s own mitigation decision. This is given by:

Under an assumption of diminishing returns to defensible space, the denominator in this 
equation is positive. The sign of the numerator depends on the relationship between own 
and others’ defensible space. Shafran explains that P12 < 0 implies strategic complemen-
tarities: the benefits of own defensible space increase as others increase their defensible 
space. Conversely, P12 > 0 implies strategic substitutes. Shafran suggests that either of 
these relationships may be plausible in different empirical contexts. Complementarities 
could be present if “the reduction of fuel loads in the neighborhood of a house reduces the 
threat of crown fires reaching the house and therefore increases the effectiveness of defen‑
sible space as a protective measure” (p. 490). Meanwhile, the case of substitutes could arise 
when “fuel load reductions of neighbors [...] act as a buffer which reduces the likelihood 
of a wildfire reaching the property, thereby reducing the need for protective measures like 
defensible space” (p. 490). Shafran goes on to argue that, “If houses do not have immediate 
neighbors on all sides or if they are spaced sufficiently far apart that a significant threat will 
exist regardless of neighbors’ actions, then a more compelling case can be made for strate‑
gic complementarities” (p. 490).

3.2 � Social norms

To Shafran’s basic model of risk externalities, we add a social norms function Si(ai, ni). 
This term imparts a reward or penalty based on the relationship between an individual’s 
mitigation level ai and that of their neighbors ni.

Si(⋅) can be parameterized in multiple ways depending on the nature of the social norm 
effect. For example, Brock and Durlauf (2001) present one parameterization that they refer 
to as a “proportional spillovers” effect Si(aini) , where the percentage change in utility from 

(1)P = P
(

ai, ni,Xi

)

(2)U = Y − cai − P
(

ai, ni,Xi

)

L

(3)c = −P1

(

ai, ni,Xi

)

L

(4)
dai

dni
= −

P12

(

ai, ni,Xi

)

P11

(

ai,ni,Xi

)

(5)U = y − c ⋅ ai − P(ai, ni,Xi) ⋅ L + Si(ai, ni)
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a change in neighbors’ decisions is constant given the individual’s choice, and a second 
“pure conformity effect” −Si(ai − ni)

2 that penalizes mitigation behaviors that deviate from 
the average mitigation level among neighbors. For the purposes of this exposition, we 
assume that Si(⋅) is heterogenous across individuals and generally has the property that it is 
everywhere increasing, S�

i
(ai, ni) > 0 , taking on negative values when ai < ni , positive val‑

ues when ai > ni , and zero when ai = ni . Further, the marginal benefit of mitigating more 
than others decreases with distance above the norm, S��

i
(ai, ni) < 0 when ai > ni and simi‑

larly the marginal penalty of mitigating less than others also decreases with distance below 
the norm, S��

i
(ai, ni) > 0 when ai < ni . As an example, the transformed logistic function, 

Si(x) = 𝛼i

(

e𝛽ix

1+e𝛽ix
− 0.5

)

, 𝛼i > 0, 𝛽i > 0 satisfies these properties along with many other 
transformed differentiable s-shaped sigmoid functions.

Maximizing expected utility in the level of mitigation now yields the following first 
order condition:

Totally differentiating with dc = 0 and rearranging tells us that the effect of a change in 
neighbors’ defensible space on an agent’s own mitigation level is now given by:

Comparing this with the scenario without social norms (Eq. 4), we see that the total effect 
now depends on a) the sign of the risk interdependency effect ( P12(ai, ni,Xi) ) , and b) the 
sign and magnitude of the social norms component, S��

i
(ai, ni) . Specifically, to ensure the 

numerator is positive, we need both P12(ai, ni,Xi) < 0 and S��
i
(ai, ni) < 0 . The latter occurs 

when ai > ni which would also imply the denominator is positive since P11(ai, ni,Xi) > 0 
and S��

i
(ai, ni) < 0 . Therefore, the conditions for strategic complements in risk interdepend‑

ency combined with individual mitigation above the norm give a clear prediction for 
dai

dni
> 0 in our model. These conditions intuitively reinforce each other. Complements in the 

pure sense of changing probabilities would encourage higher levels of individual mitiga‑
tion making individual mitigation above the norm more likely.

Moving the other direction, are there any conditions to ensure dai
dni

< 0 ? P12(ai, ni,Xi) > 0 
and S��

i
(ai, ni) > 0 will result in a negative numerator and imply ai < ni . However, 

S��
i
(ai, ni) > 0 when ai < ni does not ensure a positive denominator to result in dai

dni
< 0 . This 

could be accomplished with the additional condition P11(ai, ni,Xi) ⋅ L > S��
i
(ai, ni) . Alterna‑

tively, suppose P12(ai, ni,Xi) > 0 and ai > ni implying S��
i
(ai, ni) < 0 . Then, if 

P12(ai, ni,Xi) ⋅ L > −S��
i
(ai, ni) , 

dai

dni
< 0 . Both of these cases require that the respective rate 

of change for marginal losses exceed the rate of change for marginal utility of social norm 
distance. This analysis suggests that with social norms, a higher level of neighbors’ mitiga‑
tion ni could either increase or decrease individual mitigation ai.

4 � Methods

Drawing insights from this conceptual model and prior studies, we designed a choice 
experiment to measure the effects of risk interdependency and social norms on wildfire 
mitigation behaviors. Specifically, the design of our experiment takes advantage of the 

(6)c = −P1(ai, ni,Xi) ⋅ L + S�
i
(ai, ni)

(7)
dai

dni
=

−
[

P12(ai, ni,Xi) ⋅ L + S��
i
(ai, ni)

]

[

P11(ai, ni,Xi) ⋅ L − S��
i
(ai, ni)

]



Natural Hazards	

1 3

fact that neighbors’ mitigation and fuel conditions factor into the risk interdependency 
and social norms pathways in two different ways. The risk interdependency effect operates 
through changes in wildfire risk levels that result from different fuel conditions on neigh‑
boring properties: dense vegetation translates to higher wildfire risk, while sparse vegeta‑
tion means lower risk. In fact, this is true whether sparse vegetation came about naturally 
(e.g., through the lay of the land, naturally occurring vegetation types, or previous fires 
in the area) or through neighbors’ mitigation actions. Meanwhile, social norms operate 
through neighbors’ actions rather than their fuel conditions alone. We use this insight to 
build an experiment that addresses the following research questions and hypotheses:

Research Question 1  (Risk Interdependency) Do neighbors’ vegetation levels affect 
homeowners’ wildfire mitigation choices?

Hypothesis 1a  (Strategic Complements) Having more neighbors with sparse vegetation 
will make homeowners more likely to take mitigation action on their own properties.

Hypothesis 1b  (Strategic Substitutes) Having more neighbors with sparse vegetation 
will make homeowners less likely to take mitigation action on their own properties.

Research Question 2  (Social Norms) Do neighbors’ mitigation actions affect home‑
owners’ wildfire mitigation choices?

Hypothesis 2  Having more neighbors who have taken mitigation action will make home‑
owners more likely to take mitigation action on their own properties.

In this section, we describe our data collection and sampling strategy, our experimental 
design, and our data analysis methods.

4.1 � Data collection

The choice experiment was implemented via a web-based survey of homeowners living 
in areas of wildfire risk in Colorado’s Western Slope (i.e., the area of the state west of the 
Continental Divide.) The Western Slope was selected for this research for several reasons. 
First, a combination of factors is exacerbating wildfire risk in this area, including rapid 
amenity-migration-driven population growth, beetle epidemics, and weather and climate 
variability. However, considerably less research has been done in this area compared to 
the more densely population Front Range region. Second, like other fire-prone areas, com‑
munities across the Western Slope have been implementing policies and programs such 
as Firewise communities and Community Wildfire Protection Plans (CWPPs) that seek 
to harness the power of social norms to promote wildfire mitigation in the face of inter‑
dependent fire risk. Third, the Western Slope covers a diverse set of communities with 
varying ecological and socioeconomic characteristics. Within the “red zone” (Fig. 1), there 
is considerable variation in actual risk level due to variation in micro-climates, terrain, 
and other factors such as beetle infestations. Meanwhile, economic activity varies in this 
region: energy extraction, tourism, ranching, and fruit farming are leading activities.

We used several geospatial databases to construct our sample frame. First, we obtained 
parcel data from county tax assessor databases in 16 counties across the Western Slope 
and mapped all parcels in these counties. Parcel characteristics in these data include: year 
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built, year of purchase, site address, subdivision name, zoning type, and mailing address. 
Second, data from the Colorado Wildfire Risk Assessment Portal (CSFS 2017) identifies 
areas designated as wildland–urban interface (WUI), categorizes these areas according to 
housing density, and provides a WUI risk index for each area. Third, in order to conduct 
our survey online, we needed to target areas with reasonably high levels of Internet cover‑
age. FCC data were used to map Internet availability across the study area. Once this data‑
set was assembled, we generated the sample frame using the following eligibility criteria: 

1.	 Residential zoning classification.
2.	 Owned by Colorado residents (determined by owner’s mailing address, which did not 

always match the parcel’s physical address).
3.	 Presence of housing structure on the property (determined by removing VACANT par‑

cels and MOBILE homes, and missing “YEARBUILT” values).
4.	 WUI classification, with housing density greater than 1 house/40 acres (such that house‑

holds’ neighbors actions would have some relevance for their decisions).
5.	 WUI risk rating in the upper half of the CO-WRAP rating index scale.
6.	 At least 400/1000 homes with Internet access at no less than 768 kbps (typical DSL-type 

dial-up connection).

The survey’s target sample size was 1000 respondents. Based on prior work, we estimated 
that we would achieve a 25% response rate, such that 4000 households were recruited 
for the study. We retained the 10 largest counties (by total population) from the sample 
frame, and randomly selected recruits from each county in proportion to the county’s popu‑
lation size. Following a lengthy pretesting phase, we determined that the most effective 
recruitment strategy involved mailing invitation letters to respondents with a $2 bill as an 
incentive (Brenkert-Smith et al. 2018). The online survey’s URL was printed on the letter. 

Fig. 1   Map of wildfire risk in Colorado. Study counties highlighted in yellow. Source: COWRAP
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Reminder letters were sent to non-responders (tracked using ID codes used to log in to the 
survey) approximately one and two weeks after the initial mailing.

The survey was programmed using Qualtrics online survey software. A short initial sec‑
tion asked about the respondent’s current WUI residence, including wildfire risk percep‑
tions (probability that a fire will start on or spread to one’s property in the next five years, 
and probability that home would be destroyed or severely damaged if a fire reached their 
property) and mitigation actions taken (reducing vegetation within 30 feet or beyond 30 
feet of home, making structural improvements). The choice experiment section (described 
below) followed. After the experiment, additional questions collected information about: 
social interactions with and attitudes toward neighbors in their communities; wildfire-
related perceptions and attitudes; wildfire-related events in their communities; wildfire 
experiences; homeowners’ insurance; risk attitudes; and socioeconomics.

4.2 � Experimental design

Using the theoretical model outlined in the previous section, we designed a choice experi‑
ment in which respondents made mitigation decisions for their own (hypothetical) prop‑
erties under varying conditions on neighboring properties. The choice experiment began 
by asking respondents to imagine that they had just moved to a new home on Colorado’s 
Western Slope, and providing background information on their new community and home. 
Basic information on vegetation conditions and fire risk was also given: respondents were 
told that dense vegetation was related to higher wildfire risk. Different properties in the 
area could have dense or sparse vegetation, with sparse vegetation occurring two ways: (1) 
naturally sparse vegetation based on the lay of the land, naturally occurring types of plants, 
and previous wildfires that may have occurred and thinned the forest; and (2) mitigated 
properties, on which homeowners had taken action to reduce wildfire risk by doing things 
such as thinning trees and bushes and removing dead branches. The survey then explained 
that the respondent’s new home was surrounded by four neighboring properties and that 
vegetation conditions on neighboring properties could fall into three possible states: dense, 
naturally sparse, or mitigated. The respondent’s own property was divided into two zones, a 
near-home Zone 1 (less than 30 feet from the home), and Zone 2 (the rest of the property). 
This corresponds to the zone concept of wildfire risk reduction currently used by policy 
makers and practitioners to communicate different types of mitigation actions that home‑
owners should undertake (Cohen 2001, 2008). Zone 2 was always depicted as having dense 
vegetation; half of scenarios depicted Zone 1 as initially dense as well, while the other half 
showed Zone 1 as already having sparse vegetation (and thus not requiring further action).

After this introduction, the choice experiment began. Within each choice task, the 
respondent was shown a scenario depicting their property and the four surrounding proper‑
ties. The respondent was then asked to indicate their perceived fire risk in that scenario: 
the perceived likelihood (on a 0 to 100 sliding scale) that a fire would start on or spread to 
their property in the next five years (probability), and the likelihood that if a fire reached 
their property, their home would be damaged or destroyed (consequences). (Note that these 
questions were asked in the same format as in the initial section, which measured risk per‑
ceptions for the respondent’s real-world property.) Following these questions, the respond‑
ent was told that a mitigation company had visited their property and provided cost esti‑
mates for mitigation packages on each zone with dense vegetation. In half of scenarios, 
the respondent was told that a cost sharing program was available in their area and that the 
cost to them would be half of the total package cost. In addition, they were told that their 
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local volunteer fire department had provided estimates of the amount of time it would take 
a fit adult to complete the actions involved in each package. These time costs did not vary 
across scenarios (i.e., the amount of time it would take to mitigate each zone was always 
the same, though these time costs varied between Zone 1 and Zone 2). The respondent was 
then asked what they would choose for each zone: purchasing the package, doing it them‑
selves, or neither (leaving it alone). The resulting experimental attributes and their levels 
are shown in Fig. 2. The full factorial resulting from this design yielded 36 total scenarios 
(9 neighbor levels × 2 own property levels × 2 cost levels). These scenarios were split into 
9 blocks, corresponding to the 9 different neighbor levels. For each respondent, the online 

Fig. 2   Experimental attributes and levels
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survey software (Qualtrics) selected a total of 8 scenarios by, first, randomly drawing 8 of 
the 9 blocks (neighbor levels) and then randomly drawing one scenario (combination of 
own property level and cost level) within each selected block. This ensured maximum vari‑
ation in the key variable of interest, allowing us to assess how different neighbors’ condi‑
tions influenced mitigation choices.

Debriefing questions were included following the choice experiment. Respondents indi‑
cated the importance of different factors (neighbors’ vegetation density, whether neighbors 
had taken action, time and monetary costs, physical effort required to mitigate) when they 
were considering their mitigation choices. An open-ended question then asked respondents 
to give some reasons why neighbors’ fuel conditions might affect their mitigation choice.

4.3 � Data analysis

In each task, the respondent made a mitigation choice for each zone on their property that 
had initially dense vegetation, with the alternatives being (1) buy the mitigation package, 
(2) do it themselves, or (3) neither (leave zone as is). To analyze the resulting data, we 
use a random utility model in which utility is specified as a function of the ending state of 
vegetation on one’s hypothetical property ( Sjk ) and the monetary ( Cjk ) and time ( Tjk ) costs 
associated with the chosen alternative. Ending state is sparse ( Sjk = 1 ) if either buy or do it 
yourself is chosen, and dense otherwise ( Sjk = 0 ). Monetary cost is set to the total mitiga‑
tion package costs if the buy option is chosen and zero otherwise; likewise, time costs are 
set to the total number of hours for completing the mitigation actions for the do it yourself 
option, and 0 for other alternatives. The total number of neighbors with sparse vegetation 
( NSj ) and the number of neighbors that have mitigated ( NMj ) vary across scenarios (choice 
tasks), but not across alternatives within a choice task. (That is, neighbors’ vegetation is the 
same no matter what action the respondent takes.) Thus, these variables must be interacted 
with alternative-specific attributes ( Sjk ) in the random utility model given by:

where i = individuals (respondents), j = scenarios (choice tasks), and k = alternatives (pos‑
sible actions that can be chosen within a choice task). In this model, �4 captures the risk 
interdependency effect, while �5 measures the influence of social norms.

We estimate Eq.  8 using both conditional logit and mixed (random parameters) logit 
specifications. In addition, we examine whether risk interdependency and social norms 
effects vary with observable respondent characteristics by interacting covariates with these 
terms.

5 � Results

5.1 � Sample characteristics

Table 1 summarizes our survey response rates by county. We show both the total number of 
responses that were initiated in the online survey and the number of completed responses. 
The lowest completed response rate (12.8%) was for Montrose county, likely due to the 
fact that the tax assessor database for this county did not include property owner names 
so that recruitment letters had to be addressed generically to “Current Montrose County 

(8)
Vijk = �0 + Sjk ∗ �1 + Cjk ∗ �2 + Tjk ∗ �3 + (Sjk ∗ NSj) ∗ �4 + (Sjk ∗ NMj) ∗ �5 + �ijk
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Resident.” In the other nine counties, response rates ranged from 23.8% (Montezuma) to 
35.7% (Grand).

Characteristics of survey respondents are summarized in Table 2. On average, respond‑
ents were in their late 50s, and a little over a third of respondents were retired. About 60% 
of respondents were male; invitation letters were addressed to the property owner or own‑
ers listed in the tax assessor’s databases and did not specify which household member 
should complete the survey. (In some instances, respondents wrote in that they completed 
the surveys jointly as a couple.) Education levels in the sample were quite high, with about 
80% of respondents having a college degree or higher.

Prior to the choice experiment, we asked respondents to indicate, on a scale from 0 to 
100, their perceived likelihood that a wildfire would start on or spread to their own prop‑
erty within the next 5 years. Perceived risks were fairly high; mean probability was 17% 
(median = 10%) with a range from 0 to 96%. When asked (also before the choice experi‑
ment) about mitigation actions respondents had taken on their own properties, about 56% 
said they had taken action to reduce vegetation in the zone within 30 feet of their home, 
and about 35% said they had taken action in the zone more than 30 feet from their home. In 
response to Likert scale questions after the experiment, about 57% of respondents agreed 
or strongly agreed with the statement, “I spend a lot of time on home improvements.”

About a quarter of respondents said that neighbors’ opinions influenced their actual 
wildfire mitigation decisions “Quite a bit” or “A lot.” Another set of Likert scale questions 
asked respondents about their risk-taking habits in various domains. A small proportion of 
respondents (about 6%) agreed or strongly agreed with the statement “I am a daredevil,” 
while about 17% indicated some level of agreement with the statement, “I am not afraid to 
take risks with my money,” and nearly a quarter of respondents either disagreed or strongly 
disagreed with the statement, “I avoid any activities that could be harmful to my health.” 
We are interested in assessing whether these risk attitudes are related to respondents’ miti‑
gation choices, and their responses to social effects, in the choice tasks.

Table 1   Response rates by county

a Owner names not available: letters addressed to “Current Montrose County Resident”

County Total delivered Responses Response 
rate (%)

Completed 
response rate 
(%)

% Com‑
pleted 
sample

% Eligible parcels

Delta 250 89 35.6 25.6 6.7 9.8
Eagle 334 109 32.6 25.1 8.8 8.4
Garfield 380 132 34.7 27.4 10.8 9.7
La Plata 405 148 36.5 30.1 12.7 10.5
Mesa 1144 332 29.0 24.1 28.8 30.4
Montrosea 494 96 19.4 12.8 6.6 13.1
Pitkin 117 36 30.8 23.9 2.9 2.7
Grand 143 72 50.3 35.7 5.3 4.0
Summit 208 77 37.0 31.3 6.8 6.0
Montezuma 193 56 29.0 23.8 4.8 5.2
No ID – 137 – – 5.8 –
Total 3668 1284 35.0 26.1 100.0 100.0
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Table 2   Summary statistics

Variable N Mean SD Min. Max.

Age 802 57.34 12.54 26 92
Female 827 0.380 0.486 0 1
High school dropout 858 0.007 0.083 0 1
High school graduate 858 0.072 0.259 0 1
Some college 858 0.146 0.353 0 1
College degree 858 0.385 0.487 0 1
Postgraduate work 858 0.366 0.482 0 1
Advanced degree 858 0.354 0.479 0 1
Retired 833 0.359 0.48 0 1
Perceived probability that a wildfire will start or 

spread to their property in the next 5 years
811 17.29 17.92 0 96

Has reduced vegetation within 30’ of own home 857 0.557 0.497 0 1
Has reduced vegetation beyond 30’ of own home 857 0.354 0.478 0 1
Spends a lot of time on home improvements 836 0.574 0.495 0 1
Neighbors’ opinions influence mitigation 858 0.259 0.438 0 1
Considers themselves a daredevil 834 0.062 0.242 0 1
Not afraid to take risks with money 833 0.168 0.374 0 1
Avoids activities harmful to health 837 0.247 0.432 0 1

5.2 � Choice experiment results

5.2.1 � Effects of neighbors’ conditions on risk perceptions

Conceptually, our model posits that the risk interdependency effect operates through 
respondents’ risk perceptions. That is, changes in fuel conditions on neighbors’ properties 
influence the respondent’s perceived risk that they will experience a fire, thereby influenc‑
ing the perceived efficacy of their own mitigation and shaping the respondent’s mitigation 
choice. As a part of each choice task, respondents reported on their wildfire risk percep‑
tions given that particular scenario. As a first test of whether the experimental design led 
respondents to perceive a shared wildfire risk, Table  3 shows how respondents’ subjec‑
tive probability that a fire would start on or spread to their experimental property in the 
next five years varies with the total number of sparse neighbors and whether or not those 
sparse neighbors had mitigated. In these regressions, we control for respondent-specific 
variation in risk perceptions in two different ways. The first column includes a control for 
the subjective probability of fire that the respondent provided for their actual, real-world 
property prior to the choice experiment. In the second column, we include respondent fixed 
effects. In both models, the coefficient on the number of sparse neighbors is negative and 
statistically significant at the 0.001 level. Having one more sparse neighbor decreases the 
perceived risk of fire by about 8 percentage points, and going from 0 to 4 sparse neighbors 
decreases perceived fire risk by 32 percentage points. Meanwhile, the insignificant coef‑
ficient on the “mitigated sparse” neighbors term indicates that respondents did not perceive 
a differential effect on fire risk from having mitigated versus naturally sparse neighbors, 
validating our experimental design. (Recall that our intention was for risk interdependency 
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to operate through the total number of sparse neighbors, regardless of whether they were 
naturally sparse or mitigated.)

On its own, however, this result does not tell us whether respondents perceived others’ 
actions as strategic substitutes or complements to their own action. This depends not on 
how risk perception changes with others’ conditions, but how the perceived marginal ben‑
efit of one’s own mitigation changes at different levels of neighbors’ fuel conditions. For 
this, we turn to respondents’ mitigation choices.

5.2.2 � Choice frequencies and respondents’ “switching” behavior

Within each choice task, respondents chose whether to purchase a mitigation package 
(henceforth denoted BUY), do the mitigation themselves (DIY), or NEITHER, for each 
zone on their property that had dense vegetation (Zone 1 in about half of all choice tasks, 
Zone 2 for all tasks). In total, 949 unique respondents made a total of 3480 valid non-
missing choice selections for Zone 1, and 1001 respondents made a total of 7172 Zone 2 
choices. Examining raw data on choice frequencies reveals a strong tendency of respond‑
ents to choose the two mitigation options (BUY and DIY) over the NEITHER option. This 
is particularly true for Zone 1: NEITHER was chosen in less than 5% of tasks, while BUY 
was chosen in 43% of tasks and DIY was chosen in the remaining 54% of tasks. The pro‑
portion choosing NEITHER is about twice as high in Zone 2 tasks, but this share is still 
just under 11%, while BUY and DIY shares are 42% and 48%, respectively.

Table 3   Risk perceptions

Coefficients are estimated by ordinary least squares
Standard errors, in parentheses, are clustered at the respondent level
In both columns, the perceived probability that wildfire will spread to 
their experimental property (the dependent variable) is measured as a 
percentage
***p < 0.01 ; **p < 0.05 ; * p < 0.1

Variable Dependent variable is 
respondent’s perceived 
probability that wildfire 
will spread to their 
experimental property

(1) (2)

Total number of sparse neighbors − 8.32∗∗∗

(0)

− 8.23∗∗∗

(0)

Number of mitigated sparse neighbors − 0.14

(0.50)

− 0.20

(0.11)

Respondent’s perception of wildfire risk 
for their own property

0.37∗∗∗ (0) –

Respondent fixed effects No Yes
Observations 6237 6588
R
2 0.236 0.811
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Building on these raw frequencies, Table 4 shows within-respondent choice patterns to 
assess whether and how respondents varied their choices across tasks. To make meaningful 
within-respondent comparisons, for these panels we limit the analysis to respondents who 
completed a minimum number of tasks for each zone: 3 (out of a possible 4) tasks in Zone 
1, and 6 (out of a possible 8) tasks for Zone 2. Data show that many respondents did not 
alter their behavior across the eight choice tasks that they faced. This is particularly true 
for Zone 1: 80% of respondents always chose the same option in the tasks that involved a 
Zone 1 mitigation choice. The majority of respondents always chose a mitigation option; 
33% always chose BUY, while 43% always selected DIY. Only 3% of respondents always 
chose NEITHER for Zone 1. For the 20% of respondents that did vary their Zone 1 choice, 
the majority (17% of all respondents) switched between the two mitigation options (BUY/
DIY). In total, only 6% of respondents ever chose NEITHER for Zone 1.

The proportion of “never switchers” is lower in Zone 2, but still comprises more than 
half of the sample (58% of the 876 respondents that completed at least 6 Zone 2 tasks). As 
in Zone 1, most of these respondents consistently chose a mitigation option (24% BUY, 
32% DIY), while only 3% of these respondents always chose NEITHER. Looking at this 
another way, we see that almost 80% of respondents always choose one of the two mitiga‑
tion options. In total, just over a fifth of respondents ever chose NEITHER for Zone 2.

We also examined whether or not “switchers” differed from “never switchers” according 
to the observable respondent characteristics in Table 2. Respondents who always selected 
the same option in Zone 2 in the choice tasks (“never switchers”) were slightly older on 
average than those who altered their choices; the difference is statistically significant at the 
5% level but substantively small (58 years vs 56 years). “Never switchers” were also some‑
what more likely to report that they had actually engaged in mitigation in Zone 2 on their 
“real-world” properties. This type of mitigation was reported by 38% of “never switchers” 
compared to 32% of “switchers” (p  =  0.09). No other notable differences in observable 
characteristics were found between these respondents.

Table 4   Respondents’ choice behavior

In each panel, the first row is the number of respondents and the second row is the percentage of all 
respondents

Never Switchers

Always BUY Always DIY Always NEITHER Total Never 
Switchers

Zone 1 277 359 17 653
34% 44% 2% 80%

Zone 2 189 255 23 467
31% 31% 3% 57%

Switchers

BUY/DIY BUY/NEITHER DIY/NEITHER BUY/DIY/NEI‑
THER

Total Switchers

Zone 1 144 5 7 11 167
18% 1% 1% 15 20%

Zone 2 191 68 39 55 353
23% 8% 5% 7% 43%
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Taken together, these results indicate that most respondents preferred the mitigation 
options for Zones 1 and 2 in the choice tasks. These high stated preferences for mitigation 
are certainly explained in part by the hypothetical nature of the experiment; for example, 
while about 93% of respondents indicated that they would always chose to mitigate in Zone 
1, the proportion reporting that they had taken action to reduce vegetation in this zone on 
their actual property was only 55%; in Zone 2, 77% consistently chose to mitigate in the 
experiment, while only 34% reported “real-world” Zone 2 mitigation actions. It may also 
be the case that the time and monetary costs of mitigation that we presented in the survey 
were lower than perceived costs on one’s actual properties. (While our cost figures were 
developed in consultation with wildfire mitigation contacts in the study area to be realistic 
for the hypothetical scenario we presented, actual costs would vary depending on property 
size and characteristics.) In the end, our interest here is not in assessing absolute willing‑
ness to engage in mitigation action (or willingness to pay), but rather to assess whether and 
how choices vary as a function of neighbors’ actions. Given the overall lack of variation in 
Zone 1 choices, and the smaller number of these choices, subsequent analyses focus pri‑
marily on identifying social effects for Zone 2 choices.

5.2.3 � Estimates of social effects

To analyze respondents’ choice behavior, we estimate models in which the dependent vari‑
able is an indicator for whether or not a particular alternative was selected in a given choice 
task. Alternatives are defined as the combination of Zone 1 and Zone 2 actions that can be 
chosen within a given task. In total, there are 12 possible alternatives for any given task, 
produced as a combination of the three options that are always present for Zone 2 ({BUY, 
DIY, NEITHER}), and four possible options for Zone 1 ({BUY, DIY, NEITHER} for 
tasks with Zone 1 initially dense and {NA} for tasks where Zone 1 is presented as initially 
sparse). The dependent variable thus records which of these 12 options was selected for 
each task. Alternative-specific attributes include indicators for whether the selected action 
results in the ending state of each zone being sparse, and the total monetary and time costs 
of the selected alternative (equal to the sum of incurred Zone 1 and Zone 2 costs). The 
social effects of interest are estimated by interacting neighbors’ characteristics (which vary 
across tasks but not across alternatives) with the “Zone 2 sparse” indicator. To measure 
risk interdependency effects, we use a continuous measure of the number of neighbors with 
sparse vegetation (natural or mitigated). This interaction term thus measures how respond‑
ents’ likelihood of choosing a mitigation option for Zone 2 changes as the number of sparse 
neighbors increases. To measure the effect of social norms, we include an interaction with 
an indicator variable for whether or not a majority (3 or 4) of neighbors had engaged in 
mitigation action. The coefficient on this interaction term thus captures the change in like‑
lihood of choosing mitigation in scenarios where a majority of neighbors have mitigated, 
compared to scenarios in which a majority of neighbors have not mitigated. Alternative 
specifications for both of these social effect interactions were explored, including using 
continuous measures for both sparse neighbors and mitigated neighbors; qualitative results 
did not differ substantially from what is reported here.

Table 5 presents model results estimated using conditional and mixed logit specifica‑
tions. We estimate these models on the full sample (all respondents, all completed choice 
tasks), and on two restricted samples that include only those respondents that completed 
multiple choice tasks and (1) had any variation in Zone 2 choices across tasks (“Total 
Switchers” in the bottom panel of Table  4), or (2) switched between no mitigation 
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(“Neither”) and a mitigation option (“Buy” or “DIY”) across tasks. The top panel of 
Table  5 provides the two social effect estimates, corresponding to �4 (risk interdepend‑
ency) and �5 (social norms) in Eqn. 8. Across the conditional logit models, the risk inter‑
dependency effect is negative and statistically significant at the 0.001 level, indicating 
that respondents were less likely to choose to mitigate as the share of their neighbors with 
sparse vegetation increased. In the mixed logit models, the risk interdependency coeffi‑
cient is still negative, but is only statistically significant in the sample that is limited to 
respondents that switched between mitigation and non-mitigation options across choice 
tasks. The statistically significant standard deviations on risk interdependency coefficient 
estimates from the mixed logits indicate that there is heterogeneity across respondents in 
their choice behavior. For the social norms effect, point estimates are positive in all but one 
model (mixed logit for mitigation/non-mitigation switchers), with none of the effects being 
statistically significant at the 0.10 level. That is, we do not observe a differential effect of 
mitigated vs naturally sparse neighbors, and on average social norms effects do not appear 
to be counteracting the negative risk interdependency effect to induce higher mitigation 
levels.

Other experimental attributes, whose coefficients are shown in the bottom panel of the 
table, have the expected signs. Both time and monetary costs of mitigation have negative 
effects. (The ratio of these coefficients corresponds to a value of time of $12.75 per hour, 
perhaps reasonable for work around the house.) All else equal, respondents prefer to choose 
mitigation for both Zone 1 and Zone 2.

5.2.4 � Heterogeneity in social effects by respondent characteristics

To probe heterogeneity further, we re-estimated Eq. 8 with the addition of interactions with 
binary respondent covariates:

where Ri is some characteristic for respondent i. Specifically, we report interactions with 
indicators for whether or not the respondent: (1) identified as female; (2) reported con‑
ducting “Zone 2” mitigation (more than 30 feet from their home) on their actual prop‑
erty, (3) agreed or strongly agreed that they spent a lot of time on home improvements; 
(4) said neighbors’ opinions influenced their mitigation decisions “Quite a bit” or “A lot,” 
(5) agreed or strongly agreed that they were a “daredevil”; and (6) agreed or strongly 
agreed that they were not afraid to take risks with their money. Models were run sepa‑
rately for each of these interaction variables, and each covariate was interacted with three 
of the terms included in the base model. First, we interacted the covariate with the indica‑
tor for whether the selected package resulted in Zone 2 being mitigated. The coefficient 
on this interaction term tells us if respondents in the category indicated by the covariate 
(e.g., females) were more likely to select a mitigation package than respondents in the ref‑
erence category (e.g., males). Second, we also included an interaction between the covari‑
ate and the “risk interdependency” term (number of sparse neighbors × Zone 2 mitigation). 
Continuing with the gender example, this coefficient tells us if females respond differently 
than males to neighbors’ fuel conditions. Finally, we include a similar interaction with the 
“social norms” term (more than 2 mitigated neighbors × Zone 2 mitigation). This coef‑
ficient would tell us whether females’ responses to neighbors’ actions differ from males. 
Results are presented in Table 6. The first column replicates column (1) in Table 5, without 

(9)
Vijk =�0 + Sjk ∗ �1 + Cjk ∗ �2 + Tjk ∗ �3 + (Sjk ∗ NSj) ∗ �4 + (Sjk ∗ NMj) ∗ �5

+ (Sjk ∗ NSj ∗ Ri) ∗ �6 + (Sjk ∗ NMj ∗ Ri) ∗ �7 + (Sjk ∗ Ri) ∗ �8 + �ijk
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additional interaction terms, while columns (2)-(7) each include interactions with a differ‑
ent covariate.

We find that female respondents were somewhat less likely than males to choose a 
mitigation package (negative and marginally significant coefficient on the female × Zone 
2 cleared term). Respondents who reported that they had actually taken action to reduce 
vegetation on their properties (in a survey question posed prior to the choice experiment) 
were more likely to choose a mitigation package. However, we also find that the interaction 
between this covariate and the risk interdependency term is negative and significant, indi‑
cating that these “real-life mitigators” were even more likely than non-mitigators to reduce 
their mitigation in scenarios where more neighbors had sparse vegetation. We also find 
high levels of mitigation among respondents who indicated that they spent a lot of time on 
general home improvement projects, though the interactions between this variable and the 
neighbors’ condition variables are not significant.

Similarly, respondents who said their neighbors’ opinions were important to their miti‑
gation choice were more likely to choose a mitigation option for Zone 2, but did not differ 
in their reactions to neighbors’ fuel conditions or mitigation actions. We examined interac‑
tions with the risk attitude indicators described in Table 2. Respondents that considered 
themselves “daredevils” were less likely to choose mitigation in Zone 2. To a lesser extent, 
those who indicated monetary risk taking were also less likely to choose mitigation in the 
experiment. Neither of these risk attitudes significantly altered the social effects (risk inter‑
dependency or social norms).

We also examined interactions with other respondent covariates shown in Table 2: age, 
education, retirement status, risk perceptions, and health risk taking. None of these vari‑
ables showed significant interactions with mitigation choices or social effects (not shown).

6 � Discussion

Prior research on interdependent wildfire risk decisions has largely focused on the risk 
interdependency pathway: how do neighbors’ fuel conditions and risk levels affect the per‑
ceived efficacy of one’s own action, and thus one’s mitigation decisions? While Shafran’s 
original theoretical model posited that risk interdependency effects could be either positive 
(strategic complementarity) or negative (strategic substitution), empirical evidence from 
observational studies pointed toward positive social effects (Shafran 2008; Taylor 2015; 
Warziniack et  al. 2019). This was interpreted as evidence that wildfire mitigation was 
characterized by strategic complementarities, and subsequent work has operated under the 
assumption of complementarity in examining equilibrium selection under different circum‑
stances (Shafran 2010; Kroll and Shafran 2017). However, a key contribution of our paper 
is to acknowledge the possibility for a second social effect pathway, social norms, which 
also has the potential to generate positive social effects. Even if social norms had been 
acknowledged in the prior studies, their observational nature would have made it difficult, 
if not impossible, to disentangle risk interdependency and social norms effects. Our experi‑
mental study was designed to do just that. In this experiment, we found that risk interde‑
pendency effects were negative, while social norm effects were not apparent. The net effect 
was thus negative: having more neighbors with sparse vegetation made respondents less 
likely to choose mitigation.
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While we find no statistical evidence of social norms in the narrow context created 
in our experiments, it is important to recognize that contexts observed in the field can 
easily confound the measurement of risk interactions with influences from social norms. 
Let us return to our theoretical model and its conclusion that the net effect of a change 
in neighbors’ conditions may result in higher or lower individual mitigation depending 
on the sign and magnitude of the two social effects. Figure 3 provides a simple diagram 
to illustrate this point. Oversimplifying, we present two possible states of the world 
regarding both risk interdependency and social norms. Risk interdependency can either 
exhibit strategic complementarity or substitution. As noted previously, this may depend 
on factors such as landscape type and housing density. Meanwhile, social norms may be 
present or absent (or, more realistically, vary in strength) based on factors such as com‑
munity age and socioeconomic composition, proportion of full vs part time residents, 
and community members’ worldviews. This two-by-two matrix generates four different 
possible community types. Now imagine a policy that enters each of these communities 
and exogenously changes the behavior of some agents, perhaps by conducting a lottery 
to allocate mitigation subsidies to a subset of community members. The question is how 
the neighbors of those lottery winners will respond: will they be more or less likely 
to mitigate on their own properties? In communities characterized by strategic com‑
plementarity (Quadrants I and II), we would expect positive social effects, with these 
effects being larger when social norms are present as well (Quadrant II). In communi‑
ties where risk interdependency exhibits strategic substitution, however, the net effect 
depends on the presence and strength of social norms. Where social norms are absent or 
weak, we would expect to observe negative social effects: less mitigation action among 
neighbors of lottery winners (Quadrant IV). However, where social norms are strong, 
they may be able to overcome the negative substitution effect and lead to net positive 
social effects (Quadrant III).

According to this schematic, the conditions in our experiment appear to have created 
a Quadrant IV-type community. Without additional information, we cannot determine 
which of the three remaining quadrants best describes the communities where net posi‑
tive social effects were observed in prior studies. However, we highlight some key dif‑
ferences between our experimental world and the contexts of these observational studies 
that may account for our differing results.

First, it is quite possible that risk interdependency effects are more likely to exhibit 
complementarities in the contexts Shafran and others have examined, rather than the 

Fig. 3   Risk interdependency–social norms schematic. Schematic depicting different community types 
defined by risk interdependency (complementarity or substitution) and social norms (present or absent). Net 
effects are shown in each quadrant (positive, negative, or unclear)
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substitution effects we observe, due to their geographical characteristics. For example, 
Shafran’s exposition of risk interdependency posits that homeowners are more likely to 
see neighbors’ actions as strategic complements for their own mitigation in contexts where 
households are more spread apart and do not neighbor others on all sides, and that this 
describes his Boulder County sample relatively well. Similarly, Warziniack et  al. (2019) 
find evidence of a positive spatial correlation in mitigation in a sample of Southwestern 
Colorado parcels that includes large homes on large properties. In contrast, our experimen‑
tal neighborhoods were clearly set up to depict a different type of neighborhood, with rela‑
tively small lot sizes and close neighbors on all sides, a setting in which Shafran’s descrip‑
tion of a substitution relationship may be more apt since neighbors’ mitigation may “act as 
a buffer which reduces the likelihood of a wildfire reaching the property” [Shafran, p. 490].

In addition to differences in the structure of risk interdependency between our experi‑
mental neighborhood and those examined in prior observational studies, we think it is quite 
likely that social norms are substantially stronger and more impactful in real-world settings 
than they were in our experiment. Some prior work has shown that people tend to under‑
estimate the effect that norms exert on behavior in stated preference studies (Pronin et al. 
2007; Schultz et al. 2007), and a number of recent field experiments have shown that social 
comparisons can influence a range of behaviors (Goldstein et al. 2008; Allcott 2011; Fer‑
raro and Price 2013). Our experiment’s key design element involved creating a contained, 
manipulable world where we could vary neighbors’ conditions and observe the effect on 
respondent’s choices. Thus, our experimental design allows us to do something—separat‑
ing risk interdependency from social norms—that prior observational studies could not. 
However, the shift from a real-world setting to our experimental world also implied a shift 
and narrowing of the nature and types of social norms that were present in the decision-
making environment. What we were ultimately able to show is that simply knowing that 
their (nameless, faceless) neighbors had taken action was not enough to push respondents 
to do more themselves. This was a test of a fairly simple descriptive norm, which tells a 
member of a group what most others in the group are doing (Cialdini et al. 1991), and in 
this case, these norms had little effect.

Building on this work, future studies should continue to work toward uncovering the 
pathways through which social effects operate, and teasing apart the effects of risk inter‑
dependency and social norms. This could be accomplished in part through richer experi‑
mental contexts that more closely mimic real-world settings (e.g., including face to face 
interactions in laboratory experiments, including both descriptive and injunctive norms 
messages (Cialdini et al. 1991), or using richer visual depictions of mitigated landscapes 
which may influence acceptability (Peterson and Vaske 2016). In addition, observational 
studies can attempt to measure the effects of both risk interdependency and social norms 
by incorporating social network analyses (to assess the effects of peers who may not be 
physical neighbors, for example) and by measuring respondents’ attitudes toward mitiga‑
tion. More broadly, incorporating other potential social effect pathways such as information 
sharing and learning will also be important for more fully understanding how the social 
context shapes risk mitigation choices in the face of wildfire hazards.

Understanding these effects is more than an academic exercise and may have implica‑
tions for the types of policies that could effectively encourage more homeowners to take 
action to mitigate their wildfire risk. Returning to Fig. 3, knowing which quadrant a par‑
ticular community falls into can help decision makers understand the potential opportu‑
nities and barriers to action. Crucially, policy “multiplier effects” may emerge in certain 
communities where strategic complementarities and/or strong social norms are present. 
In these areas, policies that encourage mitigation among a subset of community members 
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(e.g., opinion leaders or a random subset of homes in an area) can result in other indi‑
viduals following suit. In areas that exhibit strategic substitution, however, net effects will 
depend on whether social norms generate positive effects strong enough to overcome nega‑
tive risk interdependency effects. The extent to which different real-world communities 
can be characterized according to this typology and the effectiveness of different policies 
across contexts are directions for future work.
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