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ABSTRACT

This thesis studies changes and differences in safety preferences as revealed by the
housing market through the capitalisation of wildfire risk into property prices. To
explain changes or differences in property prices, we implement the hedonic price
method using high-quality geographic information system data on utility-bearing
attributes specific to the property and its location. For this purpose, we focus on
Western Australia during 2010-2019, a region of high wildfire risk with recent policy
changes. CHAPTER 1 studies the near-miss effect of wildfires, i.e., the impact of a
wildfire disaster on the area free from damage but subject to information effects. These
information effects may alter households’ risk perception depending on their
experience during the event. The wildfire disaster that we analyse is the Waroona Fire
of 2016. To identify the near-miss effect, we rely on the use of difference-in-differences
and a multidimensional near-miss area defined by proximity to the burn scar and
receiving warnings during the fire event. Our findings suggest that the proximity
treatment effect is positive due to a risk reduction effect from burnt fuel that dominates
over any disamenity impacts. On the other hand, the warning treatment effect is
negative, suggesting an increase in risk perception due to vulnerability feelings.
CHAPTER 2 studies the introduction of wildfire risk maps in 2015, known in Western
Australia as ‘bushfire prone area’ maps. These maps were received with surprise by
residents and areas mapped as ‘risky’ faced more stringent planning and building
regulations. Taking advantage of the sharp boundaries that divide designated from
non-designated areas, we use a regression discontinuity design to investigate the price
differential for designated properties. We find that properties within bushfire prone
areas are sold at a lower price, and results suggest that this discount is moreover driven

by a pure information shock that increases risk perceptions, rather than by any



predetermined risk perceptions or the more stringent planning and building
regulations that apply to new builds. CHAPTER 3 studies preferences for prescribed
fires by accounting for its exposure in terms of number of fires and area burnt.
Prescribed fires are used by land managers to reduce the likelihood of uncontrollable
wildfires, but generate disamenity impacts, such as smoke haze and road closures.
These fires also face strong opposition from conservationists. Using property fixed
effects and controlling for wildfire exposure, we find a positive preference for
prescribed fires, and stronger results for more recent fires, which we attribute to the
depreciating nature of risk reducing interventions over time and/or to availability
heuristics due to recent fires being easier to retrieve. Our results are also stronger when
we use the number of fires, than when we use area burnt, suggesting households pay
more attention to the frequency component of risk, rather than consequence.
Additionally, properties with no wildfire exposure are sold at a price significantly
higher, suggesting perhaps that households’ demand for prescribed fires is higher in
the absence of the risk reduction effect of wildfires. Our findings also suggest that the
use of property fixed effects is important for an appropriate incorporation of time-

constant attributes.

Overall, our findings suggest that risk perception updates are capitalised into the
housing market, particularly in areas that are wildfire prone, as that of Western
Australia; meaning that policy makers do have the potential to alter people’s beliefs
about risk. Amid an increasing risk of wildfires across the globe, much more research
is needed on identifying misperceptions on risk, tools for correction, and households’

preferences for forest management practices.
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INTRODUCTION

More than 12,000 years ago, we were hunter-gatherers and nomadic. With the
agricultural revolution, settlements arose, and so did a life-changing question that
chases us until today: Where to live? Where is it safe and convenient? Amongst the
many safety threats we face, natural disasters stand out, and wildfires! play a leading
role. When I started this research, four years ago, the 2019/20 Black Summer bushfires
in Australia burnt almost 6 million ha of forest (M.Boer, et al., 2020) and shook up the
world with the loss of more than one billion animals (Australian Academy of Science,
2020), 35 fatalities, and more than 2,000 houses destroyed (BBC, 2020; Coates,
2020). Just weeks ago, the 2023 Maui wildfires in Hawaii also shook up the world after
the touristic town of Lahaina was crumbled to ash and ruins, leaving hundreds of
people missing and dead (ABC News, 2023), and flooding the internet with dramatic
footage of tourists and residents struggling to escape. And as I began to write these
final words, 12 wildfires burn in British Columbia, Canada; the Tiger Island Fire in
Louisiana, US continues to spread and is deemed one of the largest in the state’s
history; and Greece is experiencing the largest wildfire ever recorded in the European
Union. Today, just one week before my submission date, Australia is back on the
headlines, amid fears that this 2023/24 bushfire season will be deadly due to hot and
dry conditions that are only expected to worsen with the coming El Nifio in summer. It
is also perceived that Australia is unprepared to face this challenge, due, in particular,
to an unsuccessful fuel treatment strategy that has left dense bushlands untouched and

allowed grass to grow rapidly (Turnbull, 2023).

1 Throughout the thesis, we refer to wildfires as unplanned vegetation fires that burns over grass, forest,
or scrub (AIDR, 2023); which, in Australian terminology, is ‘bushfires’.
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Despite all, the wildland urban interface (WUI) - desirable for its natural amenities,
but fraught with wildfire hazard, and already home to half of the world’s population -
is becoming increasingly populated (Schug, et al., 2023). At the same time, with climate
and land-use change, wildfires are expected to become more frequent and intense
(UNEP, 2022), leaving populations in the WUI more exposed to wildfire risk (Schug,
et al., 2023) and increasing the potential damages to the economy, environment and
societies (UNEP, 2022). This is a problem especially relevant for public land managers,
who can provide three broad activities: pre-fire risk mitigation (e.g., educating the
community, working with the community to create defensible spaces, updating zoning
requirements, and undertaking fuel treatment), fire suppression, and post-fire

rehabilitation (Simon, et al., 2022).

This thesis touches mainly on policies dedicated to pre-fire risk mitigation and
management. According to Simon, et al. (2022), such policies can motivate private risk
mitigation actions, such as avoiding risky behaviour. People may, for instance, choose
to live in less risky areas. Why then is the WUI becoming increasingly populated? Are
we only living in such areas because we are miscalculating wildfire risk? What can the

housing market tell us about our safety preferences?

In this thesis, we explore changes and differences in safety preferences, as revealed
through the housing market. More specifically — based on Rosen (1974)’s hedonic price
method (HPM) that explains property price as a function of utility-bearing attributes
specific to the property and its location - we check for the capitalisation of wildfire risk
into property prices. The identification of changes in safety preferences or differences
in safety preferences across households is the main objective itself. This is a worthy

objective because there is a concern that signals on wildfire risk are disregarded instead

14



of serving as wake-up calls. There are at least three critical circumstances in which we
can test households’ susceptibility to update their risk perception. First, through the
occurrence of a disaster; second, through the provision of risk maps; and third, through
land management practices designed to limit risk. For each of these circumstances, we
can expect property prices to either increase or decrease depending on how the events
are interpreted. We present a chapter for each and discuss potential policy implications

that are of interest for the reduction of wildfire’s socioeconomic costs.

For all chapters, we use the state of Western Australia (WA) as a case study, owing to
its large biodiversity value (WABSI, 2023), high wildfire risk, and the use of prescribed
burning on private and public land. In particular, forests and woodlands in WA extend
to 18 million ha of land (DBCA, 2023), and the south-west forests in particular are
important for wildlife habitat and for the provision of ecosystem services, such as water
supply for the population in WA, native timber industries, and recreation and tourism
activities (DBCA, 2023). Wildfires have been part of the landscape in WA for millions
of years and influenced the evolution of plants and animals but represent a real threat
for the health of these forests (DBCA, 2023)2. The entity in charge of managing wildfire

threats is the Department of Biodiversity, Conservations, and Attractions (DBCA).

The most obvious way in which the DBCA mitigates wildfire risk is through prescribed
burning, i.e., applying fire to a predetermined area to reduce risk of uncontrollable

wildfires, with the target of maintaining 45 percent of fuel at less than six years since

2 Forests in WA are also threatened by weeds, pests, diseases, land-use disturbances such as land
clearing or timber harvesting, and significantly decreasing levels of rainfall, streamflow, and
groundwater since the mid-1970s, attributes to climate change (DBCA, 2023).

15



last burnt (DBCA, 2019)3. However, the state of WA has been experiencing a decreasing
trend in prescribed fires, while it has been experiencing an increasing trend in wildfires
— see Figure 0.1 below. Since 2010, where our study period begins, the Waroona Fire
of 2016 has been the most devastating, resembling only to the 1961 Dwellingup Fires,
being both caused by lightning strikes and hot winds (Government of Western

Australia, 2016).

Figure o0.1: Wildfire and prescribed fire history in
Western Australia
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Source: own elaboration, based on the DBCA Fire History (DBCA-060).
Note: wildfires in this figure are those of size greater than 100 ha.

WA has also the fastest growing population in Australia (Steffen, et al., 2015) and

hotspots of WUI around south-west forests, which implies that an increasing number

3 Once a wildfire occurs, however, WA responds with fire suppression and recovery activities. In
particular, the main way in which WA responds to wildfires is through the employment of fire
management personnel and through keeping infrastructure and equipment in strategic locations across
the state. Fire towers, spotter aircrafts, and remote sensing technology are crucial parts of their early
detection strategy in order to respond to bushfires in a timely manner. Regarding recovery activities, the
DBCA undertakes activities in departmental managed land (DBCA, 2019) This can include restoration
of infrastructure (e.g., buildings, septic tanks), clean-ups, disposing of dead animals, etc; and may
involve other state and local authorities.
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of people are at risk of wildfires (Schug, tbd). We also study WA because of the vast
amount of high-quality geographic information system (GIS) data on forested land and
fire burn scars that is publicly available, along with other utility-bearing attributes of
interest. Consequently, we are surprised by how WA has up to now been overlooked in
the academic literature regarding market-revealed safety preferences for wildfire risk.
For all chapters, our study period begins in 2010 and ends in 2019. The next

paragraphs will briefly explain what we do in each chapter.

In CHAPTER 1, we ask: does the near-miss experience generate changes in safety
preferences, as reflected by changes in property prices? To answer this question, we
study the capitalisation of information effects on wildfire risk updates provoked by a
wildfire disaster: the Waroona Fire of 2016, which burnt 69 thousand ha of land, of
which 3 thousand were timber forests, leaving 2 fatalities and 181 dwellings destroyed;
most of which belonged to the town on Yarloop, which had to be almost entirely
reconstructed after the fire. To filter information updates, we study the area that
experienced the fire as a near-miss event and exclude the area that experienced it as a
direct-hit. We are the first to define the near-miss area by experience, which is
multidimensional, and explained by proximity to the burn scar and belonging to areas
that received warnings during the fire event. Not all households near the burn scar
received warnings. We use difference-in-differences (DD) as an identification strategy
to separate out the consequences of mere proximity from the consequences of receiving
a warning, making assumptions on the degree of proximity that identifies properties
“near” the direct-hit area. Importantly, and perhaps counterintuitively, we propose

that wildfire events can have an ambiguous effect on property prices, i.e., prices might
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increase or decrease after the wildfire. This proposition is however supported by

behavioural literature on near-miss events.

In CHAPTER 2, we also focus on the capitalisation of information updates on wildfire
risk but provoked by the introduction of wildfire risk maps, which intend to clearly
inform the public whether or not they live within an area designated as bushfire prone.
In particular, we study the introduction, in late 2015, of a dichotomous wildfire risk
map that is user friendly and publicly available online, i.e., the Bushfire Prone Areas
(BPA) map, which displays areas subject to or likely to be subject to wildfire risk - as
determined by distance to bushfire prone vegetation. The dichotomous mapping
design generates a clear boundary that divides treated and non-treated observations,
allowing us to implement a sharp spatial regression discontinuity design (RDD) and
estimate a local average treatment effect (LATE) that is as good as in a randomised
experiment. Since observations in BPAs may be affected by predetermined risk
perceptions from the presence of ‘risky’ vegetation and more stringent planning and
building regulation, we undertake further tests to investigate the mechanisms driving
our results, and conclude that our estimated LATE, i.e., the BPA effect, is indeed driven
by pure information updates and not by these other potential impacts. Our research
question in CHAPTER 2 is therefore as follows: what is the impact of the introduction
of wildfire risk maps on safety preferences as reflected by property prices? Is there a
price differential that reflects differences in safety preferences across the boundaries

of wildfire risk maps?

In CHAPTER 3, we ask: is prescribed burning positively valued by households, as
reflected by property prices? To answer this question, we study the capitalisation of

changes in exposure to prescribed fires - i.e., fires that arise from the practice of
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prescribed burning, a forest management practice designed to limit the risk of
uncontrollable wildfires, but also controversial due to amenity concerns (e.g.,
biodiversity loss) and concerns of prescribed fire escapes. Based on scientific evidence
on fuel age and wildfire risk, and on our previous findings, we define ‘exposure’ as
occurring within the first 6 years prior to sale date and within 5 km from property’s
location. Importantly, we control for the exposure to wildfires too, which also generate
risk reduction and disamenity effects, but in contrast to prescribed fires, are
unintended. We anticipate that a positive value could only reflect strong safety

preferences.

We believe our findings are relevant to policy makers insofar as they are interested in
whether and how people incorporate information related to wildfire risk into their
safety preferences. We do this with a backward looking and market revealed
preferences approach, i.e., the HPM. We do not, however, study preferences for
changes in the level of nonmarket goods not-yet experienced, as can be done with a

stated preferences approach.

According to Simon, et al. (2022), estimates from both stated and revealed preference
approaches might improve the information available and may be used by wildland fire
managers when deciding on the strategies to follow in regard to pre-fire risk mitigation,
fire suppression, and post-fire landscape rehabilitation. In particular, the authors
suggest that managers may use a value of information (VOI) approach to inform their
strategy. The VOI is defined as the “expected gains from making more optimal
decisions, as a result of acquiring additional information in the presence of
uncertainty” and is expressed as the difference between the valuations of fire

management outcomes with and without the improved information (Simon, et al.,
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2022). It is not the aim of this thesis to contribute to VOI approaches lead by public
fire managers. Nor are we making any claims on the value of the information this thesis
generates. Nevertheless, our estimates may be of interest to wildland fire managers if
the decision-making process requires empirical evidence on if and how information
suggestive of wildfire risk generates changes and differences in safety preferences, as

revealed by housing choices on where to live.

Please note that my supervisors, Professor David J. Maddison and Assistant Professor
Allan Beltran, contributed to the conceptualization and editing of CHAPTER 1 and
CHAPTER 2 of this thesis. The literature review, data analysis, interpretation and

discussion of results, and writing of the aforementioned chapters is my own work.
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ABSTRACT

Using the hedonic price method, we identify the near-miss effect of the Waroona Fire
in Western Australia in 2016. Our strategy for identification relies on the use of
difference-in-differences. The dataset includes more than 51,000 property
transactions from the Peel and Southwest regions in WA for the period of 2010 to 2019.
Compared to existing hedonic analyses of the impact of wildfires, uniquely we
distinguish between near-miss areas that received warnings and areas that were merely
close to the burn scar. Our findings suggest that the proximity treatment effect is
positive, whereas the warning treatment effect is negative. We argue that the proximity
treatment effect is an impure near-miss effect that entangles a positive risk reduction

effect from burnt fuel and a disamenity impact from, for instance, the burnt landscape.

Keywords: near-miss, wildfires, Australia, hedonic, difference-in-differences

JEL codes: Q23, Q51, Q54
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1.1  INTRODUCTION

Forests’ presence in our planet is both large and vital. They occupy approximately 30%
of the land surface area and provide multiple ecosystem services, which can be
marketed or not, such as cultural amenities, food, water, timber, biodiversity

conservation, and climate and flood regulation (Pravalie, 2018).

Australia is home to 134 million hectares (ha) of forest4, storing nearly 22 thousand
million tonnes of carbon (ABARES, 2019). Nearly 16 percent of these forests are
located within Western Australia (WA) (ABARES, 2019), a region with a unique
biodiversity due to its endemism, i.e., to the fact that some species of flora and fauna
are not found anywhere else (WABSI, 2023). Amongst the endemic species that live
there more than 10 thousand years ago, are the Albany pitcher plant, honey possum,
sunset frog, western swamp tortoise, and assassin spiders (Conservation and Parks
Commission, 2022). Not only is WA’s biodiversity unique, but also large. For instance,
the number of flowering species in WA’s Fitzgerald River National Park surpasses that
for the entire United Kingdom (WABSI, 2023). In fact, WA is the only region in

Australia recognised as a Global Biodiversity Hotspot5 (WABSI, 2023).

Forests in WA contribute to the economy beyond their biodiversity values. For
instance, the Department for Biodiversity, Conservation, and Attractions (DBCA)
actively promotes recreational activities by providing specific locations to walk, hike,

bike, camp, picnic, fish, or canoe (DBCA, 2023). In addition, at the national level, the

4 The Australian Bureau of Agricultural and Resource Economics and Sciences (ABARES) defines forests
as tree-dominated areas with tree heights exceeding 2 metres and canopy cover of at least 20%.

5 These are regions that, despite having lost 70 percent or more of their original habitat, contain at least
1500 vascular plant species (WABSI, 2023).
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industries of forestry and forest-product manufacturing contribute to 0.5 percent of

the Australian GDP and employ around 76,200 people altogether® (ABARES, 2019).

Wildfires put both market and non-market goods and services in danger. In Australia,
this is a persistent problem that only seems to be worsening. During the period of 1901-
2011, 260 wildfires were recorded and a record of 2060 houses lost on one single day;

the 16th of February 1983, baptized as ‘Ash Wednesday’ (Blanchi, et al., 2014).

Recently, the situation is not necessarily better. The 2019/20 bushfire season had an
unprecedented combination of weather conditions, fire intensity, fire behaviour and
impact on wildlife and the environment (Australian Academy of Science, 2020) and
has been perceived as ‘different’ and ‘terrifying’ (Bowers & Mason, 2020). In fact, 5.8
million ha of ‘mainly temperate broadleaf forest’ were burnt? (M.Boer, et al., 2020), 35
lives were lost8 and approximately 2000 houses were destroyed (The Guardian, 2019;
BBC, 2020; Coates, 2020). Moreover, nationwide, one billion animals were killed and
113 animal species were left in danger of extinction, either due to their death or the
destruction of their habitat (including native species such as the Koala, the smoky

mouse, the Kangaroo Island dunnart, and the Northern corroboree frog) (BBC, 2020).

This event was greatly featured in the media, flaming a political debate around the
country’s climate change policy. Only between 15th of November 2019 and 17th of
February 2020, more than 130 news articles relating to ‘bushfires’ were published in
‘The Guardian’ and ‘BBC’ news altogether. Social media platforms shared a similar

reaction, with more than 210,000 posts under the hashtag ‘prayforaustralia’ on

6 Statistics correspond to reported values for the year of 2017-18.

7 This is unprecedented because 21% of the Australian temperate broadleaf and mixed forest biome has
been burned only during the latest bushfire season; a figure larger than for any other continent in the
last 20 years (M.Boer, et al., 2020).

8 Amounting to 54% of the bushfire related deaths recorded since 2010 (Coates, 2020) .
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Instagram9. Many of the articles and posts harshly criticised the former Australian
Prime Minister Scott Morrison and his sceptic approach to climate change!©;
demanding stringent actions to reduce greenhouse gas (GHG) emissions and protect
lives and wildlife!. This is not surprising considering that Australia’s GHG emissions
continued to increase since 2015 (Climate Transparency, 2019) whilst hotter and

drier2 seasons (Bureau of Meteorology, 2019) become a new normal:3.

This study informs this debate, albeit in a minor way, by contributing to a better
understanding of Australian households’ decision-making in relation to wildfires.
More specifically, we investigate the change in property prices following a wildfire
disaster. The case study we employ is a single, large-scale event that presaged the
2019/20 bushfire season: the Waroona Fire of January 2016 in Western Australia
(WA). Because we are interested in information effects that may alter risk perception,
we focus on the near-miss properties, i.e., properties whose households experienced
the event as a near-miss. For this purpose, we use the hedonic price method (HPM).

We determine whether these near-miss effects are positive or negative.

Surprisingly, this study appears the first to examine explicitly the near-miss effect of
wildfires in Australia. Apart from the unique geographical domain of its application,

our study also makes several other contributions to what is otherwise a United States

9 As of 26t of February 2020.

10 Scott Morrison is widely perceived as a climate change sceptic since denying links between GHG
emissions and ‘bushfire’ risk (The Guardian, 2019).

11 Australia is ranked as the G20’s third country furthest off-track from their agreed emission targets and
its current government is criticized for its lack of intentions to determine new renewable energy targets
and implement further policies for emission reduction on the transport and industry sectors (Climate
Transparency, 2019).

12 i e., seasons with higher-than-average temperature and lower-than-average rainfall precipitation.

13 In fact, between the period of 1980-2019, Australia has been consistently reporting annual mean
temperature anomalies above average. Alarmingly, the year of 2019 was the warmest, on average, ever
recorded in Australia, with a record high of 41.9 degrees Celsius on the 18th of December (Bureau of
Meteorology, n.d.).
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(US) based literature. First, unlike most analyses, we adopt a difference-in-differences
(DD) identification strategy, allowing us to attribute observed changes in the price of
near-miss properties to the Waroona Fire. Second, we use geographic information
systems (GIS) software, combined with satellite data, to measure the distance between
individual properties and the burn scar left by the Waroona Fire. Third and most
important, we incorporate into the analysis spatially distinct warnings issued by the
Department of Fire and Emergency Services (DFES) during the actual event. This
information comes from the official enquiry that followed the Waroona Fire. This
innovation distinguishes our research from a literature that often associates ‘near-
miss’ with physical proximity. Our study by contrast, acknowledges the
multidimensional nature of the near-miss effect and the possibility of different near-
miss experiences arising out of the same event. Here, the Waroona Fire offers a perfect
example. Not all households living in proximity to the fire were targeted by the
warnings, and of those who were, some were unaware of these warnings because the
communication strategy was not uniform. Because of the scale of the Waroona Fire,
not all households in proximity to the resulting burn scar had the same near-miss
experience. Some households received warnings because they were in the path of the
approaching flames. Other households received no warnings because they were

upwind of the wildfire and had a ready means of escape.

We find a positive and significant near-miss effect from proximity to the burn scar.
This result differs from the negative near-miss effect of proximity to wildfires mostly
found in the US literature. Our explanation is that the price of property in proximity to
the burn scar increased because of a reduction in the risk of future wildfires that

dominates any disamenity impact. By contrast, properties in locations subject to
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warnings suffer a price discount. We believe that these warnings triggered a sense of

vulnerability.

The remainder of this chapter is as follows. The next section describes previous
literature on cognitive biases in the face of risk, behaviour in the face of near-miss
events, and studies using the HPM to estimate the near-miss effect of natural disasters
on property markets. Section 1.3 explains the methodology employed to estimate the
near-miss effect of wildfires on property prices. Section 1.4 describes the Waroona Fire
of 2016. Section 1.5 describes our data sources and section 1.6 presents econometric
estimates of the near-miss effect. We subject these results to a battery of tests in section
1.7, where we also endeavour to interpret our findings. The final section concludes with

some ideas for future research.

1.2 LITERATURE REVIEW

To estimate and interpret the near-miss effect of wildfires we build on a large group of
literature focused on risk perception, near-miss experiences, and relevant hedonic
applications. The search for this literature involved specific keywords, e.g., “near miss
OR near-miss OR nearmiss AND hedonic”, and the use of FindIlt@Bham, the
University of Birmingham’s search engine, which includes the Econlit database. To
ensure the inclusion of high-quality literature and relevant studies, we conducted
additional searches restricted to 3 - 4* ranked journals4 and journals specialized in
environmental, natural resource, and regional economics, or risk and uncertainty,
regardless of their ranking. Each search is identified by a letter and a number. For

example, all searches related to the near-miss phenomenon of natural disasters are

14 Star ranking is that of the 2018 Academic Journal Guide developed by the Chartered Association of
Business Schools (CABS).
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identified by the letter G and six searches, namely ‘G1’, ..., ‘G6’, were conducted for this
purpose. Additionally, we searched the Bushfire & Natural Hazards Cooperative
Research Centre (BNHCRC)’s ‘Value Tool for Natural Hazards’ database for studies
that value environmental attributes in Australias. As a result, more than 300 relevant
references were sourced from ‘FindIt@Bham’ search engine (see Table 1.2.1 below).
However, 78 and 21 additional relevant literature were sourced from selected
references and from news articles, respectively — giving a total of 406 relevant sources
of information. The literature reviewed in this section and cited throughout this

chapter corresponds to the final selection following a read of the abstracts.

Table 1.2.1: Literature review search

Search topic Total entries Selected entries

A Hedonic pricing in Australia 1151 42
B Hedonic pricing methodology 345 50
C Climate change and wildfires 99 64
D Forest fires in Australia 115 89
F Economic analysis of wildfires 113 22
G Near-miss and natural hazards 160 32
H Forest ecosystems 10 1
I Availability heuristics 222 31

TOTAL 2215 331

Critical to the understanding of the near-miss effect, is the literature on cognitive

biases and the behavioural literature on near-miss events.

According to Kahneman (2011), people employ two thinking systems when forming
conclusions: ‘fast’ and ‘slow’. Fast thinking relies heavily on intuition and emotions,

whilst slow thinking relies on logic (Bray, et al., 2015).

15 The Value Tool for Natural Hazards intends to facilitate policy making on natural hazard management
and its database contains research centred around health, environmental and social value estimations
(BNHCRC, n.d.).
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The slow-thinking system requires reasoning and effort to reach conclusions. For
example, Bayesian reasoning relies on questioning our prior beliefs to recalculate
likelihoods (Kahneman, 2011). The fast-thinking system provides fast answers through
the use of inferential rules known as ‘heuristics’ (Slovic, et al., 1982; Shleifer, 2012),
which, in turn, give rise to systematic errors in the assessments of probabilities, known

as ‘cognitive biases’ (Tversky & Kahneman, 1974).

There is evidence that suggests high consequence and low probability events increase
perceived risk due to their “attention-focusing effect”, e.g., Hansen, et al. (2006)

(Kousky, 2010, p. 398). This type of events demand the use of heuristics to assess risk.

One of such heuristics is ‘availability heuristics’, which is present when people judge
the probability of an event by the “ease with which instances or occurrences can be
brought to mind” (Tversky & Kahneman, 1974, p. 1127). Availability bias is therefore
present when people mistakenly judge an event as either more or less likely than it is,
simply because they rely on the easiness by which the event ‘comes to mind’o.
Instances which are more familiar, salient, or recent, are easier to retrieve, but not
necessarily more likely to occur. Availability heuristics may be at least partially
explained by ‘affect’ heuristics, i.e., a mental shortcut where risk is predominantly
perceived as feelings (Slovic, et al., 2004). Risks of high emotional charge are

overestimated, and vice versa (Lichtenstein, et al., 1978).

Risk perceptions may be amplified, or attenuated, through social processes. For
instance, through news media. Kasperson, et al. (1988) name this process “the social

amplification of risk”. The authors suggest that the risk event initiates signals on those

16 The event may ‘come to mind’ by either retrieval, construction, or association (Tversky & Kahneman,
1974). Given that we study near-miss events, retrieval is most relevant for this study.
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who directly experience the event or those who simply received information regarding
the event. Then, these signals are decoded by transmitter and receiver in such a way
that some are intensified whilst others are attenuated, and some are discarded whilst
others are preserved for interpretation. Using survey data, Brenkert-Smith, et al.
(2013) study the social amplification of wildfire risk in Colorado, US, and find evidence
of the social amplification of risk for perceptions of probability, but not of consequence.
Their findings suggest that information sources and social interaction can alter
perceived frequency of wildfires, but not perceived consequence. Additionally, the
authors find that the role of mass media in shaping risk perceptions is quite limited,
compared to social informal interactions, such as fire-related chats with neighbours,
attending fire-related events, or noticing the density of vegetation of neighbouring

properties.

Households may fall into what Kates (1962) denominates ‘the prison of experience’
dilemma. Without repeated experience, Kates (1962) suggests, some floodplain
managers are discouraged to seek further alternatives because the experience is “not
so bad after all”, whilst some other managers are encouraged to believe that nature has
delivered what it “had in store for them” and, therefore, the experience will not repeat

for some time (p. 140)7.

For instance, near-miss events may be interpreted differently depending on the
household’s experience. Tinsley, et al. (2012) classify near-misses into two categories:
vulnerable and resilient. Vulnerable near-misses display information that highlights

vulnerability in face of a natural disaster, encouraging its interpretation as a disaster

17 This is particularly important for our research, as wildfires burn fuel, and therefore, reduce the
likelihood of future wildfires, i.e., wildfires generate risk reduction effects in the affected area.
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that ‘almost happened’; whereas resilient near-misses do not display information on
the potential harm that could have been inflicted, encouraging the near-miss to be
interpreted as a disaster that ‘did not occur’. For example, households that live in
hurricane-prone areas but who never had any property damage, nor their neighbours,
possess resilient near-miss information; whereas households whose neighbours
experienced a tree fell on their car that could have caused serious injuries if anyone

where inside, possess vulnerable near-miss information.

According to Tinsley, et al. (2012), households with vulnerable near-miss information
are more likely to mitigate risk than households with resilient near-miss information.
However, the authors suggest that, because households escape harm, near-misses are
more likely to be interpreted as resilient experiences. Moreover, the authors build on
Kahneman & Miller (1986)’s norm theory to suggest that near-misses, resilient or not,
favour lower risk perception than direct-hits do, and therefore, hinder mitigation

behaviour.

Similarly to Tinsley, et al. (2012), Dillon, et al. (2014) suggest risk perception is lower
for individuals with resilient near-miss information, preventing them from assuming
mitigation behaviour in face of future hazardous situations. According to Dillon, et al.
(2014), households with resilient near-miss information are more likely to suffer from
outcome bias, i.e., when confronted with a near-miss experience that highlights
resiliency, the household focus on the successful outcome and ignores the process that
paved the way to it (Baron & Hershey, 1988). The authors also suggest that outcome
and availability bias work together, i.e., the relevant instance that comes to mind is the

outcome of the past event. A similar conclusion to that of Dillon & Tinsley (2008), who
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propose near-misses — resilient or not - are judged as if they were successes because of

their favourable outcome, despite chance being the sole element preventing damage.

Outcome bias may, however, be counteracted. Dillon & Tinsley (2016) find that risk
communication that highlights vulnerability may counteract the optimistic feelings in
those who possess resilient near-miss information by the means of altering perceived

probabilities upwards.

We now continue the literature review with studies using the HPM to identify changes
in property prices associated with wildfire events. Perhaps most relevant to our
research because it involves Australia is Athukorala et al. (2016) who conduct a before-
and-after analysis of the impact of wildfires (and floods) on property values in
Rockhampton, Queensland. Although the authors do not explicitly investigate the
near-miss effect, they nevertheless compare (i) a suburb directly affected by the so-
called Black Saturday bushfires, (ii) a suburb directly affected by a December 2010
through January 2011 flood event and (iii) an adjacent suburb, “largely unaffected” by
either event. Athukorala et al. (2016) find that the largely unaffected suburb
experienced an increase in house prices of 7.98% for the year 2011, significant at the
20 percent level. However, a significant weakness in this study lies in the identification
strategy, specifically the inability to separate the general downturn in house prices
caused by the contemporaneous sub-prime lending crisis, the inability to disentangle
forested areas from the source and final boundaries of the fire, the use of partially
affected suburbs as control group, and the lack of an impact evaluation approach — as

that of DD.

Turning now to the US literature on wildfires, Loomis (2004) states that households

living in forested areas consider both wildfire risk and amenity values. He argues that
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the perceived net benefits must decline after a near-miss wildfire event, via an
increased perception of the risk. To test this, he studies the impact of a major wildfire
on the housing market of a near-miss area. The wildfire event is the 1996 Buffalo Creek
fire in Colorado, which 2 months later was hit by a severe flash flood that closed the
main highway and destroyed the town’s water treatment system. The near-miss area is
the town of Pine, 2 miles away from the fire. To capture the impact of the fire on
property prices, the empirical specification includes a ‘post-fire’ dummy, which takes
the value of unity if the sale took place after the fire!8. On average, properties sold after
the Buffalo Creek fire were subject to a 15-16% price discount. Critically, the author

uses a continuous date variable to explain the underlying trend in house prices.

Mueller and Loomis (2008) estimate the impact of repeated wildfire events on the
housing markets of Riverside and Orange counties in Los Angeles. In particular, they
consider the impact of two small wildfire events — Fires A1 and B2°, which took place
in 1991 and 1995 respectively, and burned 379 and 331 ha respectively2t. 2,250
properties, all of which were within 1.75 miles of the fire areas, were sold either (i)
before either fire, (ii) after one fire or (iii) or after both fires. Forest fire dummies
capturing the near-miss impact of the wildfires suggest properties sold with a price

discount of 19.7% after 1 fire event and a further 12.9% after both fire events.

18 Tt should be noted that the author considers the 60-day time period usually applied in real-estate
transactions in the study area, i.e., the ‘post-fire’ dummy takes the value of unity for all sales taking place
60 days after the ‘Buffalo Creek’ fire or later. During the 60-day period, loan approval, appraisal and
inspection usually takes place.

19 These include the Sylmar and Polk fires, which took place only three days and a few miles apart from
each other.

20 This includes the Towseley fire.

21 The authors also consider a third fire in their sampling: Fire C which took place in 1997 and burnt 977
acres (395 ha). However, because only 34 properties were sold after Fire C, they decide to disregard the
impact of the third fire. Fire C constitutes the Placerita and Sierra fires, which took place 40 days and a
few miles apart from each other.
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The wildfire events are studied by Mueller et al. (2009) using the same 2,250
observations. This time however, the model specifies the environmental attributes of
the property in detail. The authors include distance to the nearest edge of US
Department of Agriculture Forest, as well as number of days elapsed since (both) first
and second fire events. The authors analyse progressive 0.5-mile cut-offs (up to 1.5
miles). The results vary greatly depending on the cut-off, with the third 0.5-mile cut-
off yielding the largest near-miss effect. The model does not control for time trends in

house prices.

Aiming to test for a differential near-miss effect across the housing price distribution22,
Mueller and Loomis (2014) estimate a hedonic price function using quantile
regression. Using the same data (and empirical specification) as Mueller and Loomis
(2008), they find a strong differential impact across the housing price distribution. The

negative price impact is strongest for properties in the upper price quartile.

Hansen and Naughton (2013) study the impact on property prices of repeated wildfire
events (and spruce bark beetle [SBB] outbreaks)23 observed during 1990-2010 in the
Kenai Peninsula, Alaska. Thirty-three large (>3.3 ha) and 1,160 small (<3.3 ha) wildfire
events are considered. They consider 0-0.1, 0.1-0.5 and 0.5-1km rings. Unusually, the
dependent variable is assessed market value rather than sale price. Uniquely, their
findings suggest large wildfire events increase assessed property values for all distance
rings. The authors provide various explanations for these findings e.g., enhanced

environmental amenities, such as improved views of the ocean and mountains, and

22 Note that the authors do not refer to a near-miss effect, the wording is ours.

23 SBB outbreaks include a) one massive outbreak beginning in 1989 and fading in early 2000’s; and b)
isolated outbreaks since (a) faded. According to data from Kenai Peninsula Borough cited by the authors,
the white spruce species on the western side of the peninsula endured an average of 66 wildfire events
per year since 1990, amounting to 60,000 ha of which the 2007 Caribou Hills fire stands out for
destroying 88 homes and cabins plus 109 outbuildings.
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improved hiking trails — which may overcome any disamenities from burnt areas.

Another possible explanation is a decrease in the risk of future wildfires.

Kiel and Matheson (2018) study the impact of the September 2010 Fourmile Canyon
fire in Colorado, US, on the sale price of houses in Boulder County by implementing
the HPM using a DD approach. The authors use a dataset consisting of 9,360
properties covering the period of January 2009 to April 2012. Additionally, they
control for the level of risk according to the area in which the house is located, as rated
by the Boulder County website, which is accessible to homebuyers. The authors find a
price discount of 21.7% for houses located in the very high-risk area after the fire,
compared to those located in the low-risk area. To account for changed amenity levels,
the authors implement a second set of regressions where they include a dummy
variable to identify houses within 0.8 km of the fire perimeter. Results suggest that the

impact is driven by changes in risk rather than changes in forest amenity levels.

McCoy and Walsh (2018) study the housing price impact of wildfires occurring in the
Colorado Front Range in 2000-2012. In order to implement their DD identification
strategy, the authors define three different treatment and control groups. The first
treatment is based on proximity, where properties in the treatment group lie within
2km of the burn scar. The second treatment includes properties with a view of the burn
scar according to the outcome of a GIS viewshed analysis. The third treatment is
according to the Wildfire Threat Index, which takes the values of 1 to 5. The results for
the proximity analysis suggest an immediate price discount of 12.6% for the properties
sold after the fire. For the view of the burn scar treatment, the authors detect a 6.4%
price discount in year 1, and this impact persists (and indeed increases) for years 2 and

3 after the fire. Finally, the analysis on the Wildfire Threat Index suggests a discount
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of 9.4% for properties in high-risk areas compared to those in the lowest risk category.

However, the impact is short-lived and insignificant only 2 years after the fire.

In sum, the empirical literature of wildfire near-miss events is based mainly in the US
and, apart from the somewhat unusual paper of Hansen and Naughton (2013),
suggests the near-miss effect from proximity to the burn scar is negative. This negative
near-miss effect may result from two forces: reduced amenity values and a heightened

perception of wildfire risks.

Only recently has the empirical near-miss literature for wildfires adopted a quasi-
experimental approach to identification in an effort to ensure that the near-miss
impacts on property prices are causally attributable to the wildfire event. Only a
minority of papers accurately measure the distance from the property to the burn scar
and some combine wildfire events with other impacts such as those arising from floods
or insect infestations. None deals with a wildfire event of the scale of the Waroona Fire.
Critically for our purposes, there is a clear omission of the information effect that arises
from receiving warnings during the fire event, such as those issued by the DFES during
the Waroona Fire. This omission is present for the conceptualization of the near-miss

effect and for its estimation.

On the other hand, the HPM literature on the near-miss effect of other natural hazards
is much more developed. Several studies adopt an impact evaluation approach through
the identification of treated (near-miss) and non-treated (non near-miss) properties in
the study area, e.g., Hallstrom & Smith (2005), Carbone, et al. (2006), Atreya &
Ferreira (2015), Hennighausen & Suter (2020), and Beltran, et al. (2020) for floods

and hurricanes, and Naoi, et al. (2009) for earthquakes.
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Evidence on the near-miss effect of floods and hurricanes is mixed. Some studies find
negative, whereas other find positive or zero, near-miss effects. For instance,
Hallstrom & Smith (2005) and Carbone, et al. (2006) find a negative near-miss effect.
The authors study the impact of the 1992 hurricane Andrew on property prices in two
counties: Lee, which nearly missed the hurricane, and Dade, directly hit; both in
Florida, US. As estimation strategy, both studies use DD and repeat-sales observations.
Hallstrom & Smith (2005) find a negative near-miss effect of 19% for the Lee county,

whereas Carbone, et al. (2006) find a negative near-miss effect of 23-26%.

Atreya & Ferreira (2015) and Hennighausen & Suter (2020) study large flood events
and find no significant evidence of a near-miss effect. Atreya & Ferreira (2015) study a
major flood event provoked by the tropical storm Alberto in 1994 in the city of Albany,
located in the county of Dougherty in Georgia, US. The authors use inundation and
floodplain maps and GIS parcel data to clearly distinguish properties subject to
inundation effects from those subject to information effects only, and implement a DD.
Their findings suggest only the inundation effect, and not the information effect, is
capitalized into property prices, and that inundated properties mapped within
floodplains are most affected. In particular, inundated properties within floodplains
experienced a price discount of 48%, whilst those outside floodplains experienced a

price discount of 36%.

Similarly, Hennighausen & Suter (2020) use inundation and floodplain maps to study
the 2013 Colorado floods in Boulder County, Colorado, US. The authors implement a
triple DD to explore whether floodplain maps generate information effects, and
whether inundation makes a difference. Their findings suggest both floodplain maps

and flooding extents are important for the identification of changes in property price.

37



Prior to the flood, properties within the floodplain were sold at a 6.5% discount,
compared to those outside24. However, after the flood, properties within the floodplain
experienced no significant price change. When discerning between inundated and non-
inundated properties, the authors find a 21% price discount for inundated properties
within the floodplain, but no impact for inundated properties outside. On the other
hand, non-inundated properties within the floodplain, i.e., near-miss properties,
experienced a price increase, but with no statistically significant marginal effects. The
absence of a significant near-miss effect might be explained by the availability
heuristics which might operate with direct experience only (Atreya & Ferreira, 2015;
Hennighausen & Suter, 2020), or by Bayesian learning if flooding extents represent

true differences in risk (Hennighausen & Suter, 2020).

Beltran, et al. (2020), on the other hand, do not study a particular event, but study all
inland and coastal floods recorded in England between 1995 and 2014. With the use of
high-resolution GIS data, the authors identify near-miss properties as those adjacent
to postcodes with any degree of flooding experience. Using DD, the authors find
evidence of low persistence near-miss effects, negatively signed for inland floods (-
4.0%) whilst positively signed for coastal floods (+4.4%). Beltran, et al. (2020) suggest

that coastal households may be interpreting the event as a ‘resilient’ near-miss.

Naoi, et al. (2009) use nation-wide data to estimate the near-miss effect of massive
earthquake events in Japan between 2004-2007. Using earthquake risk measures
provided by the government and DD, the authors find that, after a massive earthquake,

a 0.2% increase in the annual probability of an earthquake leads to a price decrease of

24 Importantly, in the Boulder County, properties within the floodplain are required to obtain insurance
against floods, which may explain this price discount.
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13% and 16% of property values and rental prices, respectively, for near-miss

properties.

Finally, to be certain of the originality of our study, we review HPM applications that
focus on WA or any of the other three states in Australia, i.e., Queensland (QND), New
South Wales (NSW), and Victoria (VIC). These studies amount to a total of 13 — see

Table 1.2.2 below for a list of these studies by location and the attributes valued.

Table 1.2.2: HPM applications for Australia

# Location Journal Article Attribute(s) for valuation

1 WA, Perth Tapsuwan, et al. (2009) urban wetland

2 WA, Perth Zhang, et al. (2014) rainwater tanks

3 WA, Perth Ma, et al. (2015) residential solar photovoltaic
systems

4 WA, Perth Pandit, et al. (2013) urban tree canopy cover

5 QND, Mount Isa city Neelawala, et al. (2013) mining and smelting activities

6  QND, Brisbane Warren, et al. (2017) historic districts

7 QND, Brisbane Plant, et al. (2017) footpath tree canopy cover

8 QND, Brisbane Rajapaksa, et al. (2018) cell phone towers

9 QND, Brisbane Athukorala, et al. (2019) wildfire risk

10 QND, Rockhampton Athukorala, et al. (2016) wildfire risk and flood risk

11 NSW Tapsuwan, et al. (2015) BarmahTMlllewa forest and in
stream riverflows

VIC, North Central . .
12 \m e Polyakov, et al. (2015) native vegetation
13 VIC Tapsuwan, et al. (2015) Barmah—Millewa forest and in

stream riverflows

Athukorala et al. (2016) and Athukorala et al. (2019) are the only two HPM applications
on wildfire risk, both for the state of QND. We have already described the study of

Athukorala et al. (2016) amongst other near-miss studies. In Athukorala et al. (2019),
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the focus is not on wildfire events, but rather on areas mapped as bushfire prone, i.e.,
BPAs, by the state of QND. All properties sampled are within 850 m of BPAs. The
authors find that distance to BPA is negatively valued. Athukorala et al. (2019)
attribute this finding to the high amenity value of BPAs, which include forested areas,
meaning that households are willing to pay (WTP) a premium to live near green spaces
despite the implicit wildfire risk. However, the authors do not follow a quasi-
experimental approach and findings here contradict our results in CHAPTER 2,
where we find that properties within BPAs are sold at a price discount compared to

those in non-BPAs.

Other studies on Australia also suggest that green space is positively valued. Pandit, et
al (2013) study the impact of tree canopy cover on residential property prices in Perth,
WA, and find that tree canopy cover is positively valued, but only if located in adjacent
public space. If located within 20 m of the property, tree canopy cover is negatively
valued. The authors suggest that management and opportunity costs for trees on
private property exceed benefits, whereas urban tree planting public programs do not.
Similarly, Plant, et al. (2017) find that footpath tree canopy cover is positively valued
within 100 metres of the property and that, therefore, 2031 target levels would provide
benefits that justify the costs of taxes. Polyakov, et al. (2015) find evidence that suggests
that current levels of native vegetation could be increased to maximize private benefits.
Interestingly, Pandit, et al (2013), Plant, et al. (2017) and Polyakov, et al. (2015) do not
discuss the relationship between green spaces and wildfire risk, as do Athukorala et al.

(2019).
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Besides green spaces, HPM applications on Australia suggest households positively
value water ecosystems, such as urban wetlands (Tapsuwan, et al., 2009) and the

Barmah—Millewa forest and in stream river flows (Tapsuwan, et al., 2015).

We do not review the remaining studies listed in Table 1.2.2 because they are not

relevant for our study.
1.3 METHODOLOGY

1.3.1 THE HEDONIC PRICE METHOD

To estimate property prices, we rely on the hedonic price function (HPF). The HPF was
first characterized by Rosen (1974) based on Kevin Lancaster (1966)’s new approach
to consumer theory in which goods are conceptualized as bundles of attributes that,

when consumed, give rise to utility.

The HPF emerges from the hedonic price model (HPM). This is a model of product
differentiation: it recognizes the heterogenous nature of goods in terms of their
embedded ‘utility-bearing’ attributes — simply ‘attributes’ from this point forward.
Moreover, It provides a method for matching buyers and sellers of implicit markets,
allowing to estimate implicit market prices of the attributes embedded on goods, for
which no explicit market exists (Greenstone, 2017), i.e., there is an implicit market for
attributes of heterogeneous goods, for which consumers pay implicit prices. Since
consumers are heterogeneous, these exhibit heterogeneity in the willingness to pay
(WTP) for different levels of a particular attribute under a constant level of utility
(Rosen, 1974; Greenstone, 2017). Importantly, estimating the WTP for the implicit
attributes, allows to assess welfare implications from marginal changes in the levels of

attributes traded in implicit markets and conveyed through housing choices
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(Kuminoff, et al., 2010). Given that virtually all goods are heterogeneous in attributes,
the HPM revolutionized the way we think about several fields of economics - such as
labour, public, urban, and environmental economics, where jobs, cities, and houses are

all goods of multiple attributes (Greenstone, 2017)325.

They key assumption underpinning the HPM so that estimated implicit prices reflect
households’ true preferences for the attributes of interest is that the housing market is
in equilibrium, i.e., homebuyers and sellers’ maximizing behaviour leads to market
clearing conditions. The equilibrium is such that, at the location chosen by
homebuyers, amounts of attributes supplied by sellers must equal amounts demanded

by consumers, and no buyer or seller can improve their position (Rosen, 1974, p. 35)2°.

For this assumption to hold, four other conditions must be met. First, that homebuyers
and sellers have perfect information on price P and attributes Z = (z;, z,, ..., z,) of the
housing market, i.e., the objective assessment of the spatial landscape of the market is

shared by both homebuyers and sellers (Kuminoff, et al., 2013, p. 1013). Second, that

25 Some examples in environmental economics include estimates for valuation of air quality (Smith &
Ju-Chin Huang, 1995; Chay & Greenstone, 2005; Kim, et al., 2003; Brookshire, et al., 1982), avoidance
of hazardous waste sites (McCluskey & Rausser, 2003), avoidance of noise pollution (Pope, 2008), and
water pollution (Leggett & Bockstael, 2000).

26 Market equilibrium for a given attribute z; results from the tangencies of bid and offer functions of
homebuyers and sellers, respectively — where bid functions reveal homebuyers’ maximum WTP for
different levels of attribute z; at a given level of utility, and offer functions reveal sellers’ reservation
price for different levels of attribute z; at a given level of profit (Rosen, 1974, pp. 39, 42) (Greenstone,
2017, pp. 1892 - 1894). The interaction — or “kiss” - between homebuyers’ bid and offer functions
generates the hedonic price schedule (HPS), a locus between house prices and a given attribute z; — the
envelope (Greenstone, 2017, p. 1892) (Rosen, 1974, pp. 40, 44). At each point in the HPS, there is a
homebuyer whose marginal WTP equals a seller’s marginal cost of production, and both values equal
the marginal price of attribute z;. Importantly, the HPS reveals the price that allocates homebuyers
across locations and levels of attribute of interest z;. Welfare gains or losses can be inferred for marginal
changes along the locus. There is a trade-off between quality level of attributes of interest and housing
price, e.g., households living in areas of poor air quality are compensated with lower housing prices
(Greenstone, 2017, p. 1894). Therefore, under market equilibrium conditions, the estimated implicit
prices of attributes of interest can be interpreted as a welfare measure.
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if a household is out of equilibrium, they can move to a more preferred location with
no transaction costs, i.e., there is free mobility (Bayer, et al., 2009). Third, that both
homebuyers and sellers belong to a single market, i.e., no market segmentation
(Palmquist, 2005). Finally, it is assumed that the level of attributes varies continuously
across time and space, i.e., levels do not vary discretely, and households consume
attributes in continuous quantities (Kuminoff, et al., 2013). This implies differentiable

utility and cost functions27.

The use of the HPM is, however, of limited validity. There are occasions in which
estimates may be biased. For instance, attenuation bias is a threat when information is
not perfect (Pope, 2008) and when there is no free mobility (Bayer, et al., 2009). These
are real threats, as there is empirical evidence on information asymmetries between
buyers and sellers, e.g., Schulze, et al (1986), and empirical evidence on high financial
and emotional moving costs that prevent free mobility, e.g. Bayer, et al (2009).
Additionally, estimates may be biased if the market is segmented (Michaels & Smith,
1990); particularly if segments of the market do not overlap for different consumers
(Palmquist, 2005). Other issues to consider when applying the HPM are omitted

variable bias and multicollinearity.

Omitted variable bias is a major concern for accurate estimation of implicit price of

attribute of interest z;. The issue arises when attribute z, has a significant impact on

house price P but is omitted on the HPF specification and is therefore included on the

27 This assumption is implicit in the utility and profit maximization problems for the homebuyer and
seller, respectively (Kuminoff, et al., 2013) . For instance, solving for the first order condition (FOC) of
the utility maximization problem gives a level of attribute of interest z; such that its marginal implicit
price equals marginal WTP for an additional unit of z;, which in turn implies that utility functions are
differentiable. If at least one attribute is discrete, solving for the FOC will not yield equilibrium behaviour
and there will be no “specific link” marginal price and marginal WTP (Kuminoff, et al., 2013, pp. 1022-
1023).
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error term. Previous research suggests that, if the threat of omitted variable bias is
high, linear Box-Cox, or even simpler functional forms, such as linear or log-linear are

preferred for the HPF (Cropper, et al., 1988; Palmquist, 2005).

Spatial correlation can also be an issue in the estimation of implicit marginal prices,
especially in the presence of omitted variable bias, because these share similar values
across neighbouring properties, i.e., there is a pattern of spatial correlation between

prices, neighbourhood attributes and amenities (Kuminoff, et al., 2010).

Multicollinearity arises, for instance, when variations in levels of attribute z; are
correlated with variations in levels of attribute of interest z; (Kuminoff, et al., 2010),

and both attributes are present in the HPF, e.g., air pollution is correlated with
unobservable local characteristics related to economic activity (Bayer, et al., 2009),
which may give rise to perverse positive signs between air pollution and house prices
(Smith & Ju-Chin Huang, 1995; Chay & Greenstone, 2005). Additionally, distance
effects — usually used to account for perceived risk - may suffer from multicollinearity,
e.g., odour disamenities from two different sources of pollution included separately in

the model would give rise to multicollinearity (Cameron, 2006).

The hedonic price method extended for wildfire risk

In this section, we present an extended version of the HPM where changes in wildfire
risk perceptions are explained by information updates, giving rise to changes in
housing preferences and property prices. For this extended model, and because
homebuyers choose a level of self-insurance when deciding where to live (Brookshire,
et al., 1985), we follow the EU framework for the consumers’ utility maximisation

problem, as is usual when studying the incentives for insurance take-up (Ehrlich &
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Becker, 1972, p. 623). The characterization of our model is inspired by and heavily

reliant on that of Carbone, et al. (2006) for hurricane risk.

As already noted above, each property embodies a unique bundle of attributes Z. Given
that Z is specific to a property with a unique location, attributes are experienced within

the spatial context of the property.

The attribute of interest in this extended model is real wildfire risk m, which is part of
Z. However, i is unknown, i.e., true probability of wildfire, free from misinformation
or measurement error28 is unknown. Instead, the household is subject to a set of
information i regarding wildfire risk, which may include estimates of sr, denoted here
as 7. The household is also exposed to risk moderating characteristics r, specific to the
property, that impact wildfire risk29. Therefore, the subjective assessment on wildfire
probability p depends on both i and r — see equation (A) below. Notice that although

p, T and m are conceptually different, any of these might be equal by chance.

p=p(r) A

The price of each property is a function of its embedded attributes (Z), wildfire risk

moderating characteristics (), and the corresponding perceived probability of wildfire

(p) — see equation (B) below. In other words, the price of any property depends upon

28 Misinformation and/or measurement errors may arise if, for instance, data collected is not accurate
(e.g., data accuracy on fire extent, intensity, fuel age, etc., may vary across time depending on available
data collection techniques). Also, risk assessments may vary depending on the methodology employed.
Moreover, climate change is a new unknown on the determinants of wildfire risk. Furthermore, in
Australia, variability on the impact of ‘El Nifio’ phenomenon on fire weather is challenging the diagnosis
of divergence between anthropogenic and “natural forcing” signals (Jones, et al., 2020). This might
explain why formal attributions to climate change for the unprecedented scale of 2019/20 bushfire
season were not made (Smith, et al., 2020).

29 Such as the flammability of a property’s construction materials, elevation, distance to nearest fire
station or ‘safe area’ (e.g., ocean), etc.
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the quantities of attributes that it embodies (Palmquist, 2005, p. 559), which are never
identical to any other property because each occupies a unique piece of land that offers

marginal differences from its neighbours. Given (A), the HPF is specified as in

equation (C):
HPF: P =P(Zrp) B
HPF: P =P(Zrp(ir)) c

Under the EU framework, utility functions - which depend on attribute levels Z, risk-
moderating characteristics r, and consumption of all other goods C - are state-
dependent on fire state F or non-fire state NF. In other words, experienced utility level
is UF when a wildfire occurs and UMF in absence of wildfire occurrence, with

probabilities p and (1 — p), respectively — see equation (D) below.

EU =p(i,r) X UF[Z,7,C] + (1 — p(i,7)) X UNF[Z,7,C] D

The household maximizes EU by choosing property h*, subject to prevailing prices Py,
where h =1, ..., H, and H is the total number of properties available for purchase and
belonging to the same temporal and geographical market. The maximization problem
is subject to a state-dependent budget constraint M, where L(r) is magnitude of loss as
a function of risk-moderating characteristics r, equal to zero in absence of wildfire
occurrence and € [0, §] in presence of wildfire occurrence; S being the cost of rebuilding

entire property — see equation (E) belowso,

30 Note that L(r) can take the value of zero even in presence of wildfire occurrence. This is the case for
near-miss properties.
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M= {P(Z,r,p(i,r)) +C+L(r) ifF E
P(Z,r,p(i,r))+C if NF
Prior to the wildfire event, households subject to s greater than zero, are unaware of
wildfire outcomes, i.e., unaware of the magnitude of loss L(r). This changes once a
wildfire occurs. During and after the wildfire, authorities and households receive an
exogenous change in set of information i. With i, authorities are empowered to update
their objective assessments of wildfire risk 7 and households are empowered to update
their subjective assessments on probability of wildfire p. A change in i would cause a
change in p equal or different to zero if households choose to maintain or update their
beliefs on wildfire risk, respectively. Moreover, a change in p equal or different to zero
would cause a change in property price P equal or different to zero, respectively - see

equations (F), (G), and (H):

— 0,ifAi =0 F
Ap {;e 0,ifAi # 0

(=0ifAp=0 G
ap/al{iOipr #0

=0if dp/di =0 H

6P/6i{¢ 0if dp/di # 0

Due to the updates of the information set and subjective probability of wildfire dp/di,

the household maximizes EU subject to a budget constraint M dependent on state F.
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Solving for dP/di, we get the impact of an exogenous change in set of information i

provoked by the occurrence of a wildfire:

a_P i a_p UF_UNF
(ai) (6i>x (i, 7) X (%)-F(l—p(i,r))x(%)

In (I), the change in subjective probability of wildfires due to an information update
(%) is multiplied by the change in experienced utility from a state transition (UF —

UNF) as a proportion of the change in EU given a change in consumption. Simply put,
wildfire events update the set of information on wildfire risk, bringing about changes
in property prices explained by changes in wildfire risk perceptions and scaled by the
magnitude to which experienced utility resembles EU when transitioning from a non-

fire to a fire state.

Following Tinsley, et al (2012)’s suggestion that near-misses can be interpreted either
as vulnerable or resilient events, we propose that the set of information i can have an
ambiguous effect on p and hence on property prices, i.e., the wildfire event may

generate either an increase or decrease in the sale price of near-miss properties.

1.3.2 DIFFERENCE-IN-DIFFERENCES AS IDENTIFICATION STRATEGY

Besides the HPM, we use a quasi-experimental approach to identify the near-miss
effect of a (single) wildfire event. In particular, we use DD, an impact evaluation
approach, useful for comparing changes in outcomes for an intervened and an un-

intervened population, i.e., for treatment and control groups.

DD implementation involves two instances: i) the first difference, i.e., before-and-after

comparison for treatment group, and ii) the second difference, i.e., before-and-after
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comparison for control group (Gertler, et al., 2016). In economics, the first difference
or before-and-after comparison is known as the ‘differences’ approach (Meyer, 1995).
Because we compare the treatment group with itself, it controls for time constant
factors only (Gertler, et al., 2016). This is unlikely to produce valid inferences because
it relies on the identifying assumption that, in the absence of the intervention, time-
variant factors would be zero (Meyer, 1995). The DD approach, proposes, precisely, to
introduce the second difference, which controls for time variant factors different to the

intervention (Gertler, et al., 2016).

The DD approach is, however, not free from validity threats. Treatment and control
groups are not assigned randomly; rather, these are assigned according to the
researcher’s criteria, which may lead to selection bias. Therefore, the DD approach
necessitates a key identification strategy: the ‘equal trends’ assumption, which implies
that, in absence of treatment, outcomes of treatment and control groups would have

moved in tandem (Gertler, et al., 2016).

For our study, this is the assumption that, in absence of the wildfire event, sale price of
near-miss and non-near-miss properties would have moved in tandem. If this
assumption is not met, the estimated treatment response would be biased and lack
internal validity (Meyer, 1995)31, i.e., the estimated near-miss effect cannot be trusted

to be net of all other confounding factors.

3t Where internal validity means that “one can validly draw the inference that within the context of the
study the differences in the dependent variables were caused by the differences the relevant explanatory”

(Meyer, 1995, p. 152).
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1.3.3 EMPIRICAL ESTIMATION OF THE NEAR-MISS EFFECT

Having described the HPM and the DD approach, we proceed to present our estimation

strategy for the near-miss effect.

There are two dimensions distinguishing the structure of a quasi-experiment: the
group assignment for each property (whether it is inside the near-miss area) and the
timing of the potential outcome (whether it sells before or after the fire event).
Parmeter and Pope (2012) provide an overview of the use of quasi-experimental
methods. Our basic empirical model is as follows:
InPy = a+ Z BjZnj + YFirep: + OProximityy (1.1)
j=1

+ @(Firep: X Proximityy,) + &g + 0p + Upe

Equation (1.1) explains the natural logarithm of the price P of property h at time ¢ as
a function of time-invariant control variables, Z, indexed as j. In addition, we include
a dummy-variable Fire taking the value unity after the wildfire and whose coefficient,
y, captures the before-and-after difference in property prices, for all properties h sold
after the wildfire. A further dummy-variable Proximity takes the value unity for
properties located in proximity to the burn scar. The coefficient 8 captures the
difference in property prices between proximate and non-proximate properties prior
to the wildfire. Finally, we include an interaction term, Fire,, X Proximity,, to
measure the difference in before-and-after property prices between the treatment and
control groups, or, in other words, the near-miss effect of the wildfire. Parameter ¢
measures this near-miss effect. The empirical model also includes suburb s and year

fixed effects (FE). These are represented by ¢ and o, respectively. Finally, we include
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an error term u,,. Kuminoff et al. (2010) recommend the use of a “combination of
spatial fixed effects, quasi-experimental identification strategies, and temporal

controls for housing market adjustment” (p. 145).

Equation (1.2) below extends this model by including the dummy variable Warning
that takes the value of unity for properties located in areas that received a warning
during the wildfire. This variable is also interacted with the dummy variable, Fire,
where the coefficient ¢, on the interaction term represents the treatment effect
associated with the warning (whilst simultaneously controlling for the effect of
proximity):
InPy = a+ Z BjZnj + YFirep + 61 Proximity, + 6,Warningy, (1.2)
j=1
+ @, (Firey; X Proximityy) + @,(Firey; X Warningy) + &g

+ Op + Unt

In what follows, we present the centrepiece of our study, i.e., the Waroona Fire of 2016,
and then we move on investigate different definitions of proximity as well as different

gradations of warning.

1.4 THE WAROONA FIRE OF 2016

Two wildfires, officially known as Perth Hills (PH) 68 and PH 69, occurred during the
2015/16 bushfire season. Caused by a lightning strike at the Lane Pool Reserve, south
of the Dwellingup State Forest, these originated after dark on the 5t of January 2016.
The Bush Fire Brigade promptly dealt with fire PH 69. PH 68 however, went on to
become what is commonly referred to as the Waroona Fire. When this fire crossed the

Murray River, it became uncontrollable. The results were devastating for the
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communities of Waroona, Yarloop, Preston Beach and surrounding areas: 69,165 ha
were burnt resulting in 181 dwellings were destroyed, and 3,300 ha of forest
plantations were lost. The town of Yarloop was the most severely affected with 166

dwellings destroyed and two fatalities32 (Government of Western Australia, 2016).

One much discussed aspect of the Waroona Fire is that, prior to its occurrence, the
Department of Parks and Wildlife (DPAW) had failed to meet its hazard reduction
burning (HRB) targets almost every year during the previous 12 years. In fact, due to
the forest protection movement, HRB has consistently declined since the 1990s and,
perhaps as a consequence, wildfires have become more frequent since the 2000s
(Government of Western Australia, 2016). Several other factors also contributed to the
spread of the Waroona Fire: the difficulty in accessing the fire area due to steep and
rocky terrain, the very dry fuel, the sheer intensity of the fire and the presence of
bauxite mining and rehabilitated forest areas that constrained fire control strategies

(Government of Western Australia, 2016).

The neighbouring town of Yarloop was particularly vulnerable to the wildfire due to
the number of timber properties resulting in multiple ignitions in a short period of time
(Government of Western Australia, 2016). Yarloop’s destruction can also be traced to
poor fuel management (e.g., trees overhanging roads, long grass in some areas and
forests unburned for up to 37 years), and strong evening downslope winds that spread

burning embers (Government of Western Australia, 2016).

Such evening downslope winds are known as ‘katabatic’ winds, and these played an

important role in the spread of the fire. According to Peace et al. (2017), during the first

32 No other town experienced fatalities (Government of Western Australia, 2016).
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two days of the fire the wind was blowing from east to west burning through heavy
fuels, and from a terrain of 500 m height, where the fire ignited, to a terrain of 0 m
height (the coastline). Moreover, the authors indicate that during the morning of the
7th of January of 2016, the winds were blowing in a south-southwesterly direction — see
Figure 1.1 below. The path of the spread of the fire played a significant role in
determining near-miss areas: households located to the east of the fire ignition point
were at no significant risk because the fire spread entirely to the west. Indeed, no town
to the east of the fire ignition point received warnings during the first two days of the

fire (Government of Western Australia 2016).

Figure 1.1: Reconstruction of the spread of the Waroona Fire

Source: Peace, et al. (2017)

1.5 DATA

To study the Waroona Fire, we use GIS open access data provided by the Department
of Biodiversity, Conservation, and Attractions (DBCA). In particular, we use the DBCA

Fire History (DBCA-060) dataset published in shapefile format in the dataWA
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websitess. The shapefile contains information on the burnt area for all fires recorded
in WA since 1922 and distinguishes different types of fires (wildfires, prescribed burns,
plantation fires, and mining rehabilitation fires). Since our interest lies in the Waroona
Fire, we filtered records of wildfires from 2016 with fire number 68 to identify the edge

of the burn scar.

Australian Property Monitors (APM) provided property market data, of which we keep
residential properties only. Apart from the sale price and date, these data also include
a range of property characteristics, which we include in the regression. The dataset also
includes properties’ latitudes and longitudes, and these are used to obtain the
Euclidean distance between each property and several neighbourhood, environmental
and risk-moderating characteristics. For neighbourhood and environmental
characteristics, we include distance to the nearest public beach and forested area, as
well as to bus and rail public stops, schools, central Perth and urban land. Public
beaches in WA were first identified by their name from the Surf Life Saving Western
Australia website (https://www.mybeach.com.au/my-beach/). Then, we looked for
latitude and longitude of each beach using Google Earth Pro. For risk moderating
attributes we include distance to DFES stations with the capability to respond during
a wildfire emergency and distance to the nearest sandy coastline to account for

emergency evacuation sites.

Proximity treatment and control groups are defined according to the Euclidean
distance between each property and the nearest edge of the final boundary of the

Waroona Fire burn scar. Given that the literature does not suggest a clear cut-off

33 This is an online data catalogue provided by the Government of Western Australia in
https://catalogue.data.wa.gov.au.
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distance to define an area as being in close proximity to the fire area, we are flexible
when defining the proximity treatment. More precisely, we use 4 definitions of
proximity: a Euclidean distance of 0-2, 0-5, 0-10, and 0-20 km from the boundary of
the burn scar. Thus, the dummy variable Proximity takes the value of unity if the
Euclidean distance between the property and the nearest edge of the burn scar is within
2, 5, 10, or 20 km. We estimate equations (1) and (2) under each of these four
definitions to gain insights on the appropriate cut-off for a proximity effect. Because
we are interested in the information effect and not in the direct-hit effect, we exclude

all observations within the burn scar (at a 0 km distance).

We are also flexible in our definition of warnings and investigate warnings of different
gradations: emergency warning alerts, recommended evacuation alerts, and directed
evacuation alerts issued during the first two days of the Waroona Fire. Spatial data on
these warnings are taken from the Report of the Special Inquiry on the January 2016
Waroona Fire (Government of Western Australia, 2016, pp. 159-192). Using this
report, we identify towns expressly mentioned in emergency warning alerts. We also
use the report to identify those areas enclosed by roads mentioned in the emergency
warnings alerts. Then, we used a road network dataset provided by Geofabrik to
identify those properties enclosed by the aforementioned roads. Towns that were
issued evacuation alerts, either recommended or directed, are also identified from this
report. Recommended evacuation alerts are issued by the Controlling Agency (DFES
or DPAW) when the risk is not perceived as imminent and advice the community to
evacuate but does not require to do so. If the risk is perceived as imminent and life-
threatening, a directed evacuation alert is issued (Government of Western Australia,

2016, p. 185). To precisely identify the properties within the towns of interest, we use
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the latitudes and longitudes of properties provided by APM and a shapefile with the
town boundaries provided by the Government of Western Australia (i.e., the Localities
(LGATE-234) dataset obtained from dataWA). Because we are interested in the near-
miss effect as an information effect, our main results consider emergency warning
alerts only. Nevertheless, we estimate equation (2) using evacuation alerts as the

highest gradation of warning and present these as additional results.

Figure 1.2 provides a visual representation of treatment and control groups for our
main results. For the proximity treatment of 0-2 km, all properties within the 0-2 km
distance band are treated properties and the rest are observations in the control
group34. The same logic applies for the 0-5, 0-10 and 0-20 km distance bands. For the
warning treatment, we present two models: A and B. Model A includes as treated
properties those that fall within the boundaries of towns expressly mentioned in the
emergency warning alerts. For Model B, we expand the treatment group by also
including those properties in areas partially or totally enclosed by roads named in
warnings. Table 1.5.1 below shows two examples of emergency warning alerts.
Examples #1 and #2 would apply for Model B, whereas only example #2 would apply

for Model A.

Table 1.5.1: Examples of emergency warning alerts

# Date and time of issue Issued for

1 06 January 2016, 22:25 “...people bounded by Willowdale Road, Johnston
Road, Somers Road, Coronation Road and Nanga
Brook Road including Waroona townsite in the Shire
of Waroona.”

2 07 January 2016, 19:35 “... people in the Harvey townsite and surrounding
areas in the Shire of Harvey. This includes the towns
of Wagerup, Yarloop and Cookernup.”

Source: own elaboration. Based on Government of Western Australia (2016)

34 Given that the map is a close-up of the fire area, not all observations in the control group can be
visualized.
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Figure 1.2: Map of treated properties
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Source: Own elaboration. Based on Australian Government Data, Government of Western Australia,

and Australian Property Monitors data

The final dataset includes 51,055 observations, all of which are properties sold within
203 suburbs of the Peel and Southwest regions of WA during 2010-2019. Table 1.5.2
below shows the number of observations sold before and after the Waroona Fire for

the treatment and control groups, and for the proximity and warning treatments,

respectively.
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Table 1.5.2: Number of observations for treatment and control groups

Before After
Treatment Control | Treatment Control
Treatment 1: Proximity (km)
0-2 371 32,411 191 18,082
0-5 454 32,328 229 18,044
0-10 716 32,066 393 17,880
0-20 1,170 31,612 655 17,618
Treatment 2: Emergency warning alerts
Model A 629 32,153 312 17,961
Model B 666 32,116 333 17,940

Our estimation equations include suburb fixed effects and year fixed effects. Suburb
fixed effects enable us to control for differences in climate, crime incidence, local
government management, and mean income levels, as well as for differences in the
implicit prices of property characteristics caused by market segmentation. Annual time
dummies control for autonomous trends in property prices3s. For detailed information

on data sources and summary statistics, see Appendix C: Data.

1.6 RESULTS

Our main results for estimated treatment effects are shown in Table 1.6.1 below.
Model 1 includes only proximity to identify near-miss properties. However, whilst
proximity has, as noted, been widely used to identify near-miss properties, in this
instance there is no statistically significant price change for properties in any distance
band. Nevertheless, when we include warnings as an additional treatment this result
changes. More specifically, when warnings are included, we find a positive near-miss

effect from proximity, significant at the five percent level, irrespective of how the

35 Suburb fixed effects are dummies that take the value of unity if the property is located within the
suburb, as indicated by APM property market data. Year fixed effects are time dummies that take the
value of unity if the property was sold during the calendar year, also indicated by APM property market
data.
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warning treatment group is defined, at least for the 0-2 and 0-5 km distance bands. On
the other hand, we find a near-miss effect from the warning treatment that is both
negative and significant at the 10 percent level if, and only if, the warnings mentioned

named locations (Model 2A) rather than enclosed areas (Model 2B).

Table 1.6.1: Main Results

€Y (2) 3) (4)
0-2 km 0-5 km 0-10 km 0-20 km
VARIABLES InPrice InPrice InPrice InPrice
Model 1
Fire x Proximity (§) 0.0365 0.0284 -0.00633 0.00158
(0.0260) (0.0237) (0.0184) (0.0144)
Model 2A
Fire x Proximity (¢;) 0.0941%* 0.0804%* -0.0354 0.00219
(0.0409) (0.0391) (0.0448) (0.0201)
Fire x Warning (9,) -0.0579* -0.0559* 0.0342 -0.00282
(0.0319) (0.0335) (0.0491) (0.0283)
Model 2B
Fire x Proximity (¢;) 0.0824** 0.0815** -0.0619 0.000860
(0.0393) (0.0405) (0.0555) (0.0208)
Fire x Warning (§,) -0.0464 -0.0544 0.0622 -0.000057
(0.0297) (0.0336) (0.0588) (0.0284)
For all Models:
Observations 51,055 51,055 51,055 51,055
Suburb FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
R2is 0.614.

It is interesting that, when we model the near-miss effect as a multi-dimensional effect
that depends on proximity to the burn scar and emergency warning alerts, we get near-
miss effects that move in opposite directions. On one hand, properties located 0-2 and
0-5 km from the burn scar experienced, on average, a price mark-up of 9.41% and
8.04%, respectively, after the Waroona Fire, compared to properties located beyond o-
2 and 0-5 km from the burn scar, respectively. On the other hand, properties in
locations expressly mentioned in the emergency warning alerts, experienced a price

discount of 5.79% and 5.59% (depending on the definition of the proximity distance
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band) after the Waroona Fire, compared to properties in locations not expressly named

in the emergency warning alerts.

Nevertheless, the warning treatment effect fades away when the warning group
dummy takes the value of unity for all properties in locations that were either expressly
named in the warnings or enclosed by mentioned roads. In spite of this, the estimated
proximity treatment effect remains positive and statistically significant at the five
percent level, suggesting a price mark-up of 8.24% and 8.15% respectively, for

properties located within 0-2 and 0-5 km from the burn scar.

Models 1, 2A and 2B include a full set of control variables, as well as suburb and year
FE. Although they are not the focus of attention, the coefficients for control variables
generally display the expected sign and are statistically significant. For example, we
find that properties with more bathrooms and bedrooms, and a swimming pool all
command a significantly higher price. Interestingly, the value of a property increases
with distance to a forested area. We think this might be due to the heightened risk of
fire outweighing any amenity benefit. Similarly, properties closer to any type of DFES
fire station (with the capability to respond during a fire emergency) are more
expensive. The complete regression outputs for our main results can be found in

Appendix A: Main Results.

1.7 DISCUSSION

The DD identification technique assumes that, in absence of treatment, the outcomes
of treatment and control groups would have moved in tandem (Gertler, et al., 2016).
For our purposes this means that, in absence of the fire event, the sale price of near-
miss and non near-miss properties would have moved in tandem. However, if the trend

in sale prices for the control group were to differ from that of the treatment group, the
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implementation of the DD approach would yield a biased estimate of the treatment
response. The possible violation of the so-called ‘parallel trends’ assumption therefore

represents the main threat to the validity of our results.

Because the counterfactual is unobservable, it is not possible to directly test the parallel
trends assumption. However, its plausibility is customarily gauged by comparing
outcomes for the treatment and control groups in the pre-treatment period, i.e.,
comparing property prices across the near-miss and non near-miss groups prior to the

Waroona Fire.

Fortunately, our data does not call into question the parallel trends assumption for the
log of sale price. Figure 1.3, Figure 1.4, and Figure 1.5, display the log of sale price,
2010-2019, for our treatment and control groups. The treatment group is proximity to
the burn scar of 0-2 and 0-5 km for Figure 1.3 and Figure 1.4, whereas the treatment
group is being in a location expressly named in emergency warning alerts for Figure
1.5. In all cases, the price trends appear parallel before the Waroona Fire (and as

expected there is a clear change in trends from 2016 onwards).

Figure 1.3: parallel trends check, 2 km proximity treatment
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Figure 1.4: parallel trends check, 5 km proximity treatment
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Figure 1.5: parallel trends check, emergency warning

Observed means and confidence intervals
Emergency warning alerts

13

12.9
1

log of sale price
12.8
1

12.7
1

12.6

T T T T T T T T T
2010 2011 2012 2013 2014 2015 2016 2017 2018 2019

sale year

control treatment

As a further check on the credibility of our main findings, we undertake a placebo test
involving the date of the wildfire. This test involves substituting the dummy variable
Fire with a dummy variable Placebo, which takes the value of unity for properties sold
on or after 15t of January of 2014 (as opposed to the actual date of the wildfire: 6th of
January 2016). The estimates of the treatment effects are all statistically insignificant,

even at the 10 percent level, exactly as they should be (see Table 1.7.1 below).
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Table 1.7.1: Placebo test

(1) (2) (3) (4)
0-2 km 0-5 km 0-10 km 0-20 km
VARIABLES InPrice InPrice InPrice InPrice
Equation 1.1
Placebo x Proximity 0.0259 0.0227 -0.00128 -0.00561
(0.0251) (0.0226) (0.0180) (0.0141)
Equation 1.2, Model A
Placebo x Proximity 0.0560 0.0548 -0.0282 -0.0156
(0.0386) (0.0371) (0.0481) (0.0202)
Placebo x Warning -0.0304 -0.0343 0.0308 0.0183
(0.0298) (0.0318) (0.0518) (0.0278)
Equation 1.2, Model B
Placebo x Proximity 0.0494 0.0552 -0.0605 -0.0184
(0.0375) (0.0388) (0.0634) (0.0209)
Placebo x Warning -0.0237 -0.0331 0.0642 0.0222
(0.0281) (0.0322) (0.0660) (0.0279)

Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1

Next, we present additional results where we consider different gradations of warning.
We examine two models: Models 2C and 2D. Model 2C examines the warning
treatment effect triggered by directed evacuation alerts. As shown in Table 1.7.2
below, both the warning and proximity treatment effects are statistically insignificant.
Model 2D, on the other hand, expands the warning treatment group such that it also
includes properties within towns that received recommended evacuation alerts, i.e.,
the warning treatment effect is that triggered by both directed and recommended
evacuation alerts. For this model, the warning and proximity treatment effects hold the
expected signs and are both statistically significant at the 5 percent level. In particular,
we find that properties within 0-2 and 0-5 km from the burn scar experience a price
mark-up of 5.2 and 5.7 percent, respectively, after the Waroona Fire. After accounting
for a 0-2 and 0-5 km proximity effect, we find that properties that received evacuation
alerts of any sort experienced a price discount of 6.0 and 6.5 percent, respectively.

Nevertheless, when we account for 0-10 and 0-20 km proximity effects, the proximity
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treatment effect is no longer significant, and the corresponding warning treatment

effects remain at the expected magnitude but at a lower significance.

Table 1.7.2: Additional Results

1) (2) (3) (4)
0-2 km 0-5 km 0-10 km 0-20 km
VARIABLES InPrice InPrice InPrice InPrice
Model 2C
Fire x Warning (9,) -0.0121 0.00122 0.0452 0.0347
(0.0573) (0.0554) (0.0522) (0.0505)
Fire x Proximity ($,) 0.0468 0.0335 -0.0110 -0.000341
(0.0310) (0.0272) (0.0199) (0.0150)
Model 2D
Fire x Warning (¢,) -0.0604%* -0.0646** -0.0663* -0.0596*
(0.0283) (0.0291) (0.0365) (0.0316)
Fire x Proximity ($,) 0.0566** 0.0516** 0.0242 0.0180
(0.0273) (0.0255) (0.0249) (0.0168)
For both models:
Observations 51,055 51,055 51,055 51,055
Suburb FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes

Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1

In relation to these results, we believe that Model 2C is not statistically significant

because the treatment group is too small. Only the towns of Preston Breach and

Yarloop received directed evacuation alerts, amounting to only 145 observations in the

treatment group (81 before the Waroona Fire and 64 after). On the other hand, the

towns of Preston Beach, Yarloop, and Harvey received evacuation alerts of any sort

(recommended and directed), amounting to 509 observations (327 before the Waroona

Fire and 182 after). Additionally, given that the towns of Preston Beach, Yarloop, and

Harvey also received emergency warning alerts, we interpret the higher significance of

the warning treatment effect in Model D as the stronger capacity of evacuations to

trigger vulnerability feelings. Indeed, evacuation alerts explicitly call for action, whilst

emergency warning alerts do so implicitly.
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We also investigated a model that contained all different types of warning together at
the same time (results not shown). The findings from this model continue to display a
negative effect from recommended evacuation that is depending on the distance band

statistically significant at the one percent level.

The key message contained in this study is that including spatial information on
warnings makes a significant difference when it comes to identifying the near-miss
effect of wildfire events. More specifically, we argue that the near-miss effect should be
broken down into two components: a proximity treatment effect and a warning
treatment effect. Otherwise, given that they overlap, the negative effect from the

warning treatment obscures the positive effect from the proximity treatment.

In the case of an event as large as the Waroona Fire, the near-miss experience is
heterogeneous across the areas surrounding the burn scar, i.e., only some locations
within 0-2 or 0-5 km from the burn scar received warnings (e.g., because they were in
the path of the approaching fire, moving from the ignition point from the east to the
west-southwest). Essentially, we refine the estimation of the near-miss effect by
recognizing that near-miss areas are not limited to areas in proximity to the burn scar
but also include areas where households received some type of warning that increased
the saliency of the event. Our approach therefore investigates the near-miss effect
differentiated by distinct near-miss experiences. On one hand, we argue that the
proximity treatment effect reflects an ‘impure’ near-miss effect that arises from a
change in amenity levels combined with a change in risk perception. On the other hand,
we argue that — after controlling for proximity to the burn scar - the warning treatment

effect reflects a ‘pure’ near-miss effect that arises from a change in risk perception.
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We interpret our main findings as follows. We believe that the pure near-miss effect
associated with warnings triggers longer-term feelings of vulnerability, manifesting in
a property price discount. The price markup associated with the proximity to the burn
scar is, however, the result of an impure information effect: a positive effect from a
reduction in future risk and a negative disamenity effect. Bluntly, the fire event
consumes fuel that reduces the probability of a future fire. Plausibly, the burnt
landscape and associated loss of biodiversity results in a disamenity impact.
Nevertheless, our results suggest that the risk-reduction effect dominates over any
disamenity impact. Hansen and Naughton (2013) have suggested that a wildfire might
even improve the view or increase the scope for recreational activities. Whilst this
would reinforce the risk-reduction effect we regard the possibility as somewhat far-
fetched. In addition, it is possible that buyers and sellers perceived the Waroona Fire
as a resilient near-miss event, precisely because the property escaped harm, and even
more so if no warnings were issued for the town it belongs to. Regardless of what
exactly causes property prices to increase with proximity to the burn scar of the
Waroona Fire, we will, in CHAPTER 3, confirm this result, i.e., that property prices
are generally higher when in close proximity to a burn scar, and that this is most likely

explained by a risk reduction effect.

Moreover, we believe that the different estimation results for the warning treatment
effect between Model 2A and 2B is explained by the clarity of the communications. In
particular, we believe that emergency warning alerts that expressly mentioned the
towns at risk are clearer than those that refer to areas enclosed by roads. And this is
supported by the Report of the Special Inquiry on the January 2016 Waroona Fire

(Government of Western Australia, 2016, p. 186). This finding aligns with Dillon &
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Tinsley (2016)’s study, which proposes that risk communication that highlights

vulnerability may alter perceived probabilities of risk upwards.

It is interesting to note that when we exclude warnings, with the exception of Hansen
and Naughton (2013), our findings still differ to those contained in literature on near-
miss wildfire events. The literature suggests a statistically significant negative near-
miss effect from proximity to the burn scar whereas we find no effect significant even
at the 10 percent level. However, with the exception of Loomis (2004), the literature

deals with repeated and (in contrast to Waroona) small, fire events.

It appears that DFES decisions made during the wildfire had a significant impact on
the wealth of households. More specifically, after controlling for proximity treatments
of 0-2 and 0-5 km from the burn scar, the warning treatment cost households 23,685

and 22,867 Australian dollars (AUD), respectively — see Table 1.7.3 below.

Table 1.7.3: Average treatment effects for Model 2A

Treatment Group Mean price (AUD) Treatment Treatment effect

effect (%) (AUD)
0-2 km 420,132 9.41 + 39,534
0-5 km 415,370 8.04 + 33,396
Towns expressly mentioned in the 409,069 [-5.79, -5.50] [-23.685, -22,867]

emergency warning alerts

1.8 CONCLUSION

Current hedonic analyses of the near-miss phenomenon for wildfire events exhibit
certain shortcomings. In some, there is no explicit identification strategy and no
measure of the distance to the burn scar. More importantly, the literature fails to
address the multidimensional nature of the near-miss effect. Our study recognises that

not all properties in proximity to the burn scar have the same near-miss experience:
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some receive explicit warnings. This is certainly the case for warnings issued by the

DFES during the Waroona Fire.

We contribute to the literature by combining these two types of information:
information on proximity to the burn scar and on locations that received warnings. We
find that including both sorts of information makes a significant difference when
estimating the near-miss effect. We argue that the warning treatment effect arises from
an increased risk perception triggered by vulnerability feelings. We argue that the
proximity treatment effect entangles two opposing impacts: a positive impact from a
diminished future risk and a negative disamenity impact. Since the proximity
treatment effect is positive, our results suggest that the former dominates over the
latter. The need to disentangle the different components of the proximity treatment
effect remains a challenge. Clearly, it will be interesting to discover what impact HRB

has on property prices.

Climate change and population growth in fire-prone areas present an urgent challenge.
Policymakers need to understand better whether wildfires serve as a wake-up call
highlighting households’ vulnerability or simply reinforce feelings of resiliency among
households in near-miss areas. Our findings suggest that warnings reinforce feelings
of vulnerability. Because of the impact on property prices, authorities should however
be careful not to issue blanket warnings. Furthermore, we find that warnings update

risk perception most effectively when clearly communicated.
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1.9 APPENDIX

APPENDIX A: MAIN RESULTS

Table 1.9.1: Estimations Results for Model 1

6)) (2) (3) (4)
0-2 km 0-5 km 0-10 km 0-20 km
VARIABLES InPrice InPrice InPrice InPrice
Fire -0.0667* -0.0672* -0.0663 -0.0665*
(0.0403) (0.0403) (0.0403) (0.0403)
Proximity -0.0163 -0.0132 -0.00522 -0.00140
(0.0160) (0.0145) (0.0115) (0.00966)
Fire#Proximity 0.0365 0.0284 -0.00633 0.00158
(0.0260) (0.0237) (0.0184) (0.0144)
AreaSize 8.45e-07%** 8.45e-07%** 8.45e-07%** 8.45e-07***
(6.13e-08) (6.13e-08) (6.13e-08) (6.13e-08)
Baths 0.155%%* 0.155%%* 0.155%%* 0.155%%*
(0.00311) (0.00311) (0.00311) (0.00311)
Bedrooms 0.0656*** 0.0656*%* 0.0657%%* 0.0657%**
(0.00217) (0.00217) (0.00217) (0.00217)
HasStudy 0.0921%%** 0.0921%%** 0.0921*%* 0.0921%%*
(0.00314) (0.00314) (0.00314) (0.00314)
HasSeparateDining 0.000248 0.000281 0.000250 0.000256
(0.00568) (0.00568) (0.00568) (0.00568)
HasFamilyRoom 0.0465%%* 0.0465%%* 0.0465%** 0.0465***
(0.00321) (0.00321) (0.00321) (0.00321)
HasSunroom -0.00165 -0.00165 -0.00180 -0.00171
(0.0115) (0.0115) (0.0115) (0.0115)
HasRumpusRoom 0.00888* 0.00888* 0.00884* 0.00885*
(0.00455) (0.00455) (0.00455) (0.00455)
HasFireplace 0.0151%%* 0.0151%%* 0.0151%%* 0.0151%**
(0.00498) (0.00498) (0.00498) (0.00498)
HasWalkInWardrobe 0.00719* 0.00718* 0.00715% 0.00716*
(0.00426) (0.00426) (0.00426) (0.00426)
HasCourtyard -0.00507 -0.00508 -0.00504 -0.00505
(0.00600) (0.00600) (0.00600) (0.00600)
HasInternalLaundry 0.0279%** 0.0279*** 0.0278%** 0.0279*¥*
(0.00738) (0.00738) (0.00738) (0.00738)
HasHeating 0.00984** 0.00985%* 0.00982%** 0.00984**
(0.00496) (0.00496) (0.00496) (0.00496)
HasAirConditioning -0.00674%* -0.00675%* -0.00677%* -0.00677%*
(0.00289) (0.00289) (0.00289) (0.00289)
HasBalcony 0.153%%* 0.153%%* 0.153%** 0.153%**
(0.00520) (0.00520) (0.00520) (0.00520)
HasBarbeque 0.0187%** 0.0188%*** 0.0187%** 0.0187%**
(0.00598) (0.00598) (0.00598) (0.00598)
HasPolishedTimberFloor  0.0347*** 0.0347%** 0.0348%** 0.0347%%*
(0.00627) (0.00627) (0.00627) (0.00627)
HasEnsuite 0.0176%** 0.0176%** 0.0177%** 0.0177%**
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Table 1.9.1: Estimations Results for Model 1

(1 (2) (3) (4)
0-2 km 0-5 km 0-10 km 0-20 km
VARIABLES InPrice InPrice InPrice InPrice
(0.00363) (0.00363) (0.00363) (0.00363)
HasSpa 0.0541%** 0.0541%** 0.0541%** 0.0541%%*
(0.00566) (0.00566) (0.00566) (0.00566)
HasGarage 0.0945*%* 0.0945*%* 0.0945%** 0.0945***
(0.00292) (0.00292) (0.00292) (0.00292)
HasLockUpGarage -0.0238*** -0.0238*** -0.0238*** -0.0238%**
(0.00565) (0.00565) (0.00565) (0.00565)
HasPool 0.108%** 0.108%** 0.108%** 0.108%**
(0.00456) (0.00456) (0.00456) (0.00456)
HasTennisCourt 0.0725%* 0.0725%* 0.0726%* 0.0725%*
(0.0339) (0.0339) (0.0339) (0.0339)
HasAlarm 0.0879%** 0.0879%** 0.0879*** 0.0879***
(0.00626) (0.00626) (0.00626) (0.00626)
Apartment House 0.468%** 0.468%** 0.468%** 0.468%**
(0.0155) (0.0155) (0.0155) (0.0155)
Cottage -0.259%** -0.259%** -0.259%%* -0.259%**
(0.0658) (0.0658) (0.0658) (0.0658)
Duplex -0.0954%** -0.0954%** -0.0953%** -0.0953%**
(0.00839) (0.00839) (0.00839) (0.00839)
Flat -0.332%** -0.332%** -0.332%%* -0.332%**
(0.0293) (0.0293) (0.0293) (0.0293)
Patio House -0.160%* -0.160%* -0.160** -0.160**
(0.0750) (0.0750) (0.0750) (0.0750)
Quadruplex 0.0187 0.0187 0.0188 0.0189
(0.129) (0.129) (0.129) (0.129)
Semi -0.0128 -0.0127 -0.0128 -0.0128
(0.102) (0.102) (0.102) (0.102)
Terrace 0.0130 0.0130 0.0128 0.0130
(0.0834) (0.0834) (0.0834) (0.0834)
Townhouse -0.0747%%* -0.0746%** -0.0747%%* -0.0746%%*
(0.00702) (0.00702) (0.00702) (0.00702)
Triplex 0.370%** 0.370%** 0.370%** 0.370%**
(0.110) (0.110) (0.110) (0.110)
Unit -0.130%** -0.130%** -0.130*%* -0.130%**
(0.00633) (0.00633) (0.00633) (0.00633)
Villa -0.369%** -0.369%** -0.370%** -0.369%***
(0.0443) (0.0443) (0.0443) (0.0443)
Villa House -0.176%** -0.176%** -0.177%%* -0.177%%*
(0.0138) (0.0138) (0.0138) (0.0138)
nd_bus_standard -1.09e-07 -1.09e-07 -1.01e-07 -1.07e-07
(1.65e-07) (1.65e-07) (1.65e-07) (1.66e-07)
nd_Dbus_ cat -4.27e-07 -4.11e-07 -2.58e-07 -4.29e-07
(1.72e-06) (1.72e-06) (1.73e-06) (1.74e-06)
nd_rail -1.17e-07 -1.21e-07 -1.64e-07 -1.10e-07
(4.19e-07) (4.21e-07) (4.25e-07) (4.26e-07)
nd_cas 2.01e-07 2.14€e-07 3.43e-07 2.35e-07
(6.13e-07) (6.16e-07) (6.15e-07) (6.74e-07)
nd_ perth 5.03e-07 4.92e-07 3.79e-07 5.00e-07
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Table 1.9.1: Estimations Results for Model 1

(1 (2) (3) (4)
0-2 km 0-5 km 0-10 km 0-20 km
VARIABLES InPrice InPrice InPrice InPrice
(1.35e-06) (1.36e-06) (1.37e-06) (1.37e-06)
urban -0.00745%* -0.00747%* -0.00746** -0.00734**
(0.00346) (0.00346) (0.00346) (0.00346)
nd_forest 5.99e-06* 6.01e-06* 6.05e-06* 6.00e-06*
(3.09e-06) (3.09e-06) (3.09e-06) (3.09e-06)
nd_wetland 2.46e-07 2.45e-07 2.43e-07 2.38e-07
(1.93e-07) (1.93e-07) (1.91e-07) (1.92e-07)
nd_beach 1.82e-08 1.71e-08 1.66e-08 -2.94€e-09
(3.06e-07) (3.04e-07) (2.98e-07) (3.01e-07)
nd_ sandycoastline -8.64e-08 -8.61e-08 -9.18¢e-08 -6.46¢e-08
(3.22e-07) (3.21e-07) (3.15e-07) (3.16e-07)
nd_ fstation -1.55e-06 -1.55e-06 -1.62e-06* -1.52e-06
(9.65€e-07) (9.66€-07) (9.67e-07) (9.63e-07)
2011 -0.0439%*** -0.0439%*** -0.0439%*** -0.0439%**
(0.00628) (0.00628) (0.00628) (0.00628)
2012 -0.0538%** -0.0538%** -0.0538%** -0.0538%**
(0.00595) (0.00595) (0.00595) (0.00595)
2013 -0.0643%** -0.0643%** -0.0643%** -0.0643%**
(0.00571) (0.00572) (0.00571) (0.00572)
2014 -0.0506*%* -0.0506*%* -0.0506*%* -0.0506*%*
(0.00577) (0.00577) (0.00577) (0.00577)
2015 -0.0874%** -0.0874%** -0.0874%** -0.0874%**
(0.00593) (0.00593) (0.00593) (0.00593)
2016 -0.0713* -0.0708* -0.0712* -0.0712%
(0.0404) (0.0404) (0.0404) (0.0404)
2017 -0.114*%* -0.113%%* -0.114%%* -0.114%%*
(0.0408) (0.0408) (0.0408) (0.0408)
2018 -0.147*** -0.146%** -0.146*** -0.146%**
(0.0408) (0.0408) (0.0408) (0.0408)
2019 -0.142%%* -0.142%%* -0.142%** -0.142%**
(0.0408) (0.0408) (0.0408) (0.0408)
Constant 12.63%** 12.63%** 12.63%** 12.63%**
(0.0266) (0.0266) (0.0266) (0.0266)
Observations 51,055 51,055 51,055 51,055
R-squared 0.614 0.614 0.614 0.614
Suburb FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1
Table 1.9.2: Estimation Results for Model 2A
(1) (2) (3) (4)
0-2 km 0-5 km 0-10 km 0-20 km
VARIABLES InPrice InPrice InPrice InPrice
Fire -0.0662 -0.0670% -0.0660 -0.0664*
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Table 1.9.2: Estimation Results for Model 2A

(1) (2) (3) (4)
0-2 km 0-5 km 0-10 km 0-20 km
VARIABLES InPrice InPrice InPrice InPrice
(0.0403) (0.0403) (0.0403) (0.0403)
Warning 0.00403 0.00313 -0.0239 -0.0144
(0.0183) (0.0195) (0.0336) (0.0179)
Fire#Warning -0.0579* -0.0559% 0.0342 -0.00282
(0.0319) (0.0335) (0.0491) (0.0283)
Proximity -0.0201 -0.0160 0.0159 0.00727
(0.0242) (0.0233) (0.0320) (0.0142)
Fire#Proximity 0.0941** 0.0804%** -0.0354 0.00219
(0.0409) (0.0391) (0.0448) (0.0201)
AreaSize 8.45e-07%** 8.45e-07*** 8.44e-07%** 8.45e-07%**
(6.13e-08) (6.13e-08) (6.13e-08) (6.13e-08)
Baths 0.155%%* 0.155%%* 0.155%%* 0.155%%*
(0.00311) (0.00311) (0.00311) (0.00311)
Bedrooms 0.0656*%* 0.0656*%* 0.0657%** 0.0657%**
(0.00217) (0.00217) (0.00217) (0.00217)
HasStudy 0.0921%%* 0.0921%%* 0.0921%%* 0.0921%%*
(0.00314) (0.00314) (0.00314) (0.00314)
HasSeparateDining 0.000232 0.000314 0.000213 0.000254
(0.00568) (0.00568) (0.00569) (0.00568)
HasFamilyRoom 0.0465%%* 0.0465%%* 0.0465%** 0.0465%%*
(0.00321) (0.00321) (0.00321) (0.00321)
HasSunroom -0.00180 -0.00178 -0.00173 -0.00177
(0.0115) (0.0115) (0.0115) (0.0115)
HasRumpusRoom 0.00884* 0.00888* 0.00882* 0.00884*
(0.00455) (0.00455) (0.00456) (0.00456)
HasFireplace 0.0151%** 0.0151%** 0.0151%** 0.0151%**
(0.00498) (0.00498) (0.00498) (0.00498)
HasWalkInWardrobe 0.00718* 0.00715% 0.00717* 0.00717*
(0.00426) (0.00426) (0.00426) (0.00426)
HasCourtyard -0.00500 -0.00501 -0.00505 -0.00504
(0.00600) (0.00600) (0.00600) (0.00600)
HasInternalLaundry 0.0279%** 0.0279%** 0.0278%** 0.0278%**
(0.00738) (0.00738) (0.00738) (0.00738)
HasHeating 0.00983** 0.00988%* 0.00981** 0.00985%*
(0.00496) (0.00496) (0.00496) (0.00496)
HasAirConditioning -0.00671%* -0.00673** -0.00676%* -0.00676**
(0.00289) (0.00289) (0.00289) (0.00289)
HasBalcony 0.153%%* 0.153%%* 0.153%** 0.153%**
(0.00520) (0.00520) (0.00520) (0.00520)
HasBarbeque 0.0187%** 0.0188*** 0.0187%** 0.0187%**
(0.00598) (0.00598) (0.00598) (0.00598)
HasPolishedTimberFloor = 0.0348%*%** 0.0348%** 0.0348%** 0.0347%**
(0.00627) (0.00627) (0.00627) (0.00627)
HasEnsuite 0.0176%** 0.0177%** 0.0176%** 0.0177%**
(0.00363) (0.00363) (0.00363) (0.00363)
HasSpa 0.0542%%* 0.0542%%* 0.0541%%* 0.0541%%*
(0.00566) (0.00566) (0.00566) (0.00566)
HasGarage 0.0945%%* 0.0945*%* 0.0945%%* 0.0945%%*
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Table 1.9.2: Estimation Results for Model 2A

(1) (2) (3) (4)
0-2 km 0-5 km 0-10 km 0-20 km
VARIABLES InPrice InPrice InPrice InPrice
(0.00292) (0.00292) (0.00292) (0.00292)
HasLockUpGarage -0.0239%** -0.0239%** -0.0238%** -0.0238***
(0.00565) (0.00565) (0.00565) (0.00565)
HasPool 0.108%** 0.108%** 0.108*** 0.108***
(0.00456) (0.00456) (0.00456) (0.00456)
HasTennisCourt 0.0729%** 0.0729%** 0.0726** 0.0725%*
(0.0339) (0.0339) (0.0339) (0.0339)
HasAlarm 0.0879%** 0.0879%** 0.0879*** 0.0879***
(0.00626) (0.00626) (0.00626) (0.00626)
Apartment House 0.468%** 0.468%** 0.468%** 0.468%**
(0.0155) (0.0155) (0.0155) (0.0155)
Cottage -0.260%** -0.260%** -0.259%%* -0.259%%*
(0.0658) (0.0658) (0.0658) (0.0658)
Duplex -0.0953%** -0.0953%** -0.0953%** -0.0954%**
(0.00839) (0.00839) (0.00839) (0.00839)
Flat -0.332%** -0.332%** -0.331%%* -0.331%%*
(0.0293) (0.0293) (0.0293) (0.0293)
Patio House -0.160%* -0.160%* -0.160%* -0.160%*
(0.0750) (0.0750) (0.0750) (0.0750)
Quadruplex 0.0188 0.0189 0.0188 0.0189
(0.129) (0.129) (0.129) (0.129)
Semi -0.0127 -0.0126 -0.0127 -0.0127
(0.102) (0.102) (0.102) (0.102)
Terrace 0.0129 0.0129 0.0128 0.0128
(0.0834) (0.0834) (0.0834) (0.0834)
Townhouse -0.0748%** -0.0747%** -0.0747%%* -0.0747%%*
(0.00702) (0.00702) (0.00703) (0.00703)
Triplex 0.370%** 0.370%** 0.370%** 0.370%**
(0.110) (0.110) (0.110) (0.110)
Unit -0.131%** -0.130%** -0.130*** -0.130%**
(0.00633) (0.00633) (0.00633) (0.00633)
Villa -0.370%** -0.370%** -0.370%** -0.369%**
(0.0443) (0.0443) (0.0443) (0.0443)
Villa House -0.177%%* -0.177%%* -0.177%%* -0.176%**
(0.0138) (0.0138) (0.0138) (0.0138)
nd_bus_standard -8.60e-08 -8.92e-08 -9.92e-08 -1.12e-07
(1.67e-07) (1.66e-07) (1.65e-07) (1.66e-07)
nd_bus_ cat -1.81e-07 -2.19e-07 -2.57€-07 -4.05e-07
(1.74€-06) (1.73e-06) (1.73e-06) (1.74€-06)
nd_ rail -1.71e-07 -1.62e-07 -1.62e-07 -1.28e-07
(4.24e-07) (4.23e-07) (4.25€-07) (4.26e-07)
nd_cas 1.84e-07 1.77e-07 2.87e-07 4.58¢e-08
(6.13e-07) (6.18e-07) (6.26€e-07) (6.99e-07)
nd_perth 3.13e-07 3.42e-07 3.77e-07 4.91e-07
(1.37e-06) (1.37e-06) (1.37e-06) (1.37e-06)
urban -0.00732%* -0.00730%* -0.00738** -0.00762**
(0.00346) (0.00347) (0.00346) (0.00347)
nd_ forest 6.23e-06%** 6.18e-06** 6.10e-06** 6.19e-06**
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Table 1.9.2: Estimation Results for Model 2A

(1) (2) (3) (4)
0-2 km 0-5 km 0-10 km 0-20 km
VARIABLES InPrice InPrice InPrice InPrice
(3.09e-06) (3.09e-06) (3.09e-06) (3.09e-06)
nd_wetland 2.20e-07 2.23e-07 2.40e-07 2.58e-07
(1.95e-07) (1.94e-07) (1.91e-07) (1.93e-07)
nd_beach -3.40e-08 -2.63e-08 1.14e-08 6.73e-08
(3.10e-07) (3.08e-07) (2.98e-07) (3.08e-07)
nd_sandycoastline -4.26e-08 -4.87e-08 -8.62e-08 -1.46e-07
(3.25€-07) (3.23e-07) (3.15€-07) (3.25€-07)
nd_ fstation -1.61e-06* -1.61e-06* -1.62e-06* -1.62e-06*
(9.68e-07) (9.68e-07) (9.68e-07) (9.68e-07)
2011 -0.0439%*** -0.0439%*** -0.0439*** -0.0439***
(0.00628) (0.00628) (0.00628) (0.00628)
2012 -0.0538%** -0.0538%** -