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Abstract

The occurrence of wildfire threats has increased in the last few decades creating serious challenges 

for thousands of communities around the world. Understanding the physical and social dynamics 

imposed by wildfires is fundamental to assessing and reducing the ensuing risk to different 

communities. Although, several studies investigating household wildfire risk perception and 

decision-making are available in the literature, modelling solutions to predict household behaviour 

in wildfire scenarios are still in their early stages. Hence the lack of a behavioural model suitable 

for embedding within a simulation tool.

In this paper, we propose a mathematical framework aimed at simulating how householders 

perceive the risk associated to wildfires and how they take protective actions in response to such 

threats. A conceptual Wildfire Decision Model, based on nine assumptions derived from existing 

literature on human behaviour in wildfires, is introduced. A mathematical framework is then 

proposed to implement such a model within a simulation tool. The proposed modelling solution 

can help identify the information required to generate new dynamic and behavioural travel demand 

models for wildfire evacuation.
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1. Introduction

The threat of wildfires and the related damage to the area where development and 

infrastructure are located within or adjacent to wildland vegetation, known as Wildland 

Urban Interface (WUI) fires, is a growing global concern [1,2]. The occurrences of these 

natural threats have increased in the last few decades [3,4]. Wildfires are creating serious 

challenges for fire and emergency response services and thousands of communities around 

the world [5] – in terms of required resources, responses and planning.

Understanding the physical and social dynamics characterizing wildfires is fundamental to 

effectively and safely respond to wildfire threats. To date, several wildfire models have 

been proposed in the literature to simulate fire development. Further, several engineering 

tools have been proposed to simulate the pedestrian and traffic evacuation dynamics of 

communities affected by wildfires [5]. A review of engineering tools for fire pedestrian and 

traffic evacuation dynamics is available in these two works [5,6]. However, these models are 

typically assessed based on their performance within their subject domain, rather than their 

potential contribution to understanding the outcome of an incident in total.

One of the major challenges in determining the outcome of an wildfire incident is 

understanding how households perceive wildfires and respond to them [7]. Several 

behavioural studies have been carried out to address this challenge by investigating 

household behaviours in wildfires (see for instance [8–10]), and using hypothetical studies, 

where participants are asked how they would behave in hypothetical wildfire scenarios [11–

13]. A review of those behavioural studies and factors affecting household perception and 

response to wildfire is available in the work by Folk et al. [7].

Even with of the availability of several wildfire behavioural studies and engineering tools 

to simulate wildfire pedestrian and traffic dynamics, a complete set of tools integrating 

household decision-making models and large scale evacuation models is still lacking [14]. 

Those integrated tools, also known as dynamic travel demand models for vehicular traffic 

models, have been proposed for other disasters such as hurricanes and tsunami [15–19]. 

However, applications for wildfire emergencies are still in the early stages [5]. This is 

likely due to the lack of a comprehensive modelling framework aimed at providing a 

set of integrated tools to quantify household risk perception and response to wildfire 

emergencies [14,20]. A general framework has been recently proposed by Ronchi et al. 

[5] and Folk et al. [7]. Ronchi et al. [5] examine the type of conceptual model functionality 

required to produce an integrated modelling approach to wildfire evacuation. Folk et al. 

[7] examined the factors that should be included within a model of residential response 

to wildfires. However, neither developed computational structures that might quantify the 

response. Therefore, a mathematical framework modelling those decision-making processes 

is still unavailable in the literature. A model that connects external physical conditions with 

householder decision-making and their protective response is fundamental to the creation of 

an integrated approach.

As such, there is the need for a numerical framework to bridge this gap. This framework 

will have practical significance in the field as it will allow for the quantitative assessment of 
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the wildfire risk by running more evidence-based wildfire evacuation simulations. Moreover, 

such a framework, once calibrated using data-sets from different case studies, will allow for 

the identification of the factors that affect decision-making during wildfires and how these 

people respond to different information provided by authorities (via warnings, etc.). As such 

this framework may help emergency planning and for the design of warnings and education 

campaigns to community currently under threat of wildfire, as well as to identify people who 

need more support and guidance in future wildfire events.

The goal of this paper is to present a mathematical framework aimed at simulating how 

householders perceive the risk associated with wildfires and how they take protective actions 

to respond to such threats. In this paper, we introduce a conceptual Wildfire Decision Model 

based on nine assumptions. These assumptions are inspired and guided by the literature on 

human behaviour in wildfires. The proposed modelling framework is a tool that is useful to 

generate new dynamic travel demand models for large-scale wildfire evacuations. Further, 

this work provides mathematical specifications that are based on the existing engineering 

models developed for other large-scale emergencies such as hurricanes. As such, this 

represents one of the first attempts to develop a mathematical framework that can be used for 

engineering purposes, once it is calibrated for different case studies, to identify the decisions 

made by householders while threatened by a wildfire emergency. The proposed solution will 

enhance wildfire evacuation simulations allowing modellers to predict the decision to stay or 

leave and the decision of when to leave. To date, these decisions are only assumed by the 

modeller as an input instead of being simulated [21–26].

By identifying gaps in our current understanding, the development of the modelling 

framework also suggests data sources required in future data collection exercises. To 

date, several data-sets have been collected to investigate specific aspects of householders’ 

attitudes [8,12], decision delay [13,27], and response strategies [9–11,28,29]. However, 

those data-sets are not sufficient to calibrate and validate a comprehensive householder 

decision-making model.

2. Background

Models that address human behaviour in wildfires are key to assessing the safety of 

communities affected by those natural threats. To date, several studies are available 

that present conceptual models and behavioural results which identify factors affecting 

householder decision-making.

One of the most well know conceptual models describing individual responses to 

environmental hazards and disaster scenarios is the Protective Action Decision Model 

(PADM) by Lindell and Perry [30], which. identifies the flow of information from the 

receipt of a cue to individual protective action. This model has been modified by Cova et al. 

[31] to represent specifically householders’ behaviour facing a wildfire emergency. This was 

achieved by developing a flow chart consisting of a series of binary decisions (i.e., yes vs 

no) aimed at identifying whether a householder will choose to Shelter in Place (SIP), defend 

the property, shelter in a refuge, or evacuate.
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There are a number of conceptual models presented in the research literature [32–36] 

that attempt to describe or explain human behaviour in fire. These models tend to focus 

on one of the following: the overall process (e.g. [37–40]) providing limited detail about 

decision-making processes in any given situation, a single aspect of the decision-making 

process [41], or one specific incident (e.g. [34]).Each type of model needs to be coupled 

with other data sources and theories to support the development of a more comprehensive 

conceptual model.

For instance, the work of Breaux et al. identified key stages in the individual decision-

making process (recognition/interpretation, behaviour, and the outcome of the action), with 

inputs such as, past experiences, situational factors, and the individual’s current status 

included as factors that impact the recognition/interpretation process [39]. Following this, 

Canter et al. produced a theoretically-based model to represent the major evacuation action 

sequences, based on a person receiving information, interpreting the information, preparing 

to act on the information and then performing the action [37,38]. Although an important 

advance in understanding evacuee decision-making, the Canter et al. model cannot be 

implemented given the lack of detailed information on specific elements and the subsequent 

influence on action phases.

Research into disasters, based on theories from the social sciences, has led to the 

development of conceptual models describing the decision-making process for public 

warning response, where people go through several phases (e.g. hearing, understanding, 

believing, and personalizing the warning) [32,33,42–44].

Ronchi et al. [5] reviewed numerous articles (including the work of Lindell et al. and 

Cova et al.) that present alternative descriptions of the resident decision-making process 

and the factors that affect them. For instance, Murray-Tuite and Wolshon [45], Trainor et 

al. [46], and Wachinger et al. [47] each produced a set of factors that might influence 

the residential decision-making process when confronted by external threats (including 

wildfire threats). This review was designed to establish the types of factors that might be 

required (and therefore be represented in information exchange between fire, pedestrian 

and traffic components) and where these might influence the decision-making process. 

Decision-making processes outlined by Wachinter et al. and others (including the work of 

Trainor et al. [46], Taylor and Freeman [48], Hess and Gotham [49], and Naghawi and 

Wolshon [50]) were then used as a basis for highlighting where these factors have an impact 

on the evacuee response timeline. For example, the structure of Lindell and Perry’s PADM 

model [30] has been transformed into one that is more readily applied to simulation [51]. 

Another recently developed wildfire response conceptual model by Folk et al. [7], adopts 

the PADM to represent householders’ decision-making steps and the factors affecting those 

steps.

Given the approaches examined (and following the recent work by Folk et al. [5]), the 

intended application area and the use of the PADM model in both evacuation from 

individual structures and larger scale incidents, the PADM is used in this paper as the 

conceptual framework for model development.
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Several studies have investigated households’ behaviours during wildfires (post-event) and 

identified factors that affected their risk perceptions, decision-making, and response. Folk 

et al. [7], associated the identified factors with the decision-making stages of the PADM 

that they affect (i.e. pre-decisional stages (receipt, attention, and comprehension), threat 

credibility, risk assessment and protective action decision). In most of those studies, the 

factors affecting households’ behaviours have been identified by using simple statistical tests 

to verify if there were statistical differences between people deciding to leave, defend or 

Shelter-In-Place (SIP). As such, these existing studies do not provide information about (1) 

the impact of each factor on the protective action decision (i.e. how much a single parameter 

changes the probability to choose one strategy over another); or (2) the combined impact 

of several factors through a multivariate analysis (i.e. what is the probability of choosing a 

strategy given a set of factors). Only a few studies have attempted to quantify the impact 

of the factors on performance [52,53]. Paveglio et al. [52] estimated a multinomial logit to 

predict the protective strategies while McLennan et al. [53] presented two negative binomial 

regression models predicting the strength of the intention to leave. The benefit of this 

approach is that it provides values to help determine the likelihood and impact of a stage in 

the decision-making process.

The existing literature lacks modelling studies and engineering tools to predict how 

householders perceive wildfires and respond to them. Such models and tools are key to the 

safety assessment of communities threatened by wildfire as they allow for the identification 

of the proportion of householders intending to stay (i.e., to defend or SIP) or leave and when 

they take those actions. Householder decision-making models and transportation models 

need to be merged to enable the actual evacuation process to be simulated [5]. This paper 

aims at addressing this need by proposing a mathematical framework for householder 

decision-making in wildfire emergencies aimed at answering two key questions: “When 

do householders start taking a response action?” and “Which response action is taken by 

householders”

3. Modelling Assumptions

This work introduces a new Wildfire Decision Model aimed at simulating the human 

decision-making process in response to wildfire emergencies at the resident or householder 

level. This model employs a simplified version of the Protective Action Decision Model 

proposed by Lindell and Perry [30], which is developed to reflect an algorithmic formulation 

to be implemented in future largescale evacuation simulation tools. The proposed model 

is also inspired by the Evacuation Decision Model introduced by Reneke [54], which 

was expanded by Lovreglio et al. [43], to simulate evacuee decision-making in building 

fires based on the qualitative findings by Kuligowski [55] and behavioural guidelines 

introduced by Gwynne [35]. As such, the original model assumptions proposed in these 

references [43,54] are listed here, and are modified and adapted to wildfire emergencies. The 

assumptions underpinning the Wildfire Decision Modelare summarized below.

Lovreglio et al. Page 5

Int J Disaster Risk Reduct. Author manuscript; available in PMC 2024 June 20.

N
IS

T
 A

uthor M
anuscript

N
IS

T
 A

uthor M
anuscript

N
IS

T
 A

uthor M
anuscript



1. The purpose of the Wildfire Decision Model is to introduce a mathematical framework 
for future engineering models aimed at predicting the how and when households respond 
to an emergency in terms of what to do (i.e. leave or stay) and when to do it.

The prediction of household response to wildfires is the result of the combination of two 

modelling stages. The first stage aims to predict household responses to a wildfire (i.e. how 

individuals/groups perceive and interpret the cues, assess the threat, perceive risk, and select 

a set of actions). This first modelling stage predicts how many households decide to leave 

or to stay and the time required to make such a decision. The second stage focuses on 

vehicular and pedestrian movement to safety using as inputs the results of the first stage (i.e. 

how many households decide to leave and the time to start leaving). Most wildfire studies 

have failed to recognise that human behaviour and transportation aspects are intertwined – 

bidirectionally coupled [46]. As such, there is a division of the wildfire evacuation research 

into a behavioural perspective focusing on qualitative and quantitative aspects related to 

human behaviour and an engineering perspective focusing on traffic modelling [31]. The 

proposed mathematical framework aims at reducing this gap by establishing a foundation for 

new engineering solutions to simulate human behaviour in wildfires by predicting protective 

actions and response times. As such, this model is a step towards the creation of dynamic 

(i.e. time dependent) travel demand models for wildfire evacuations [17].

2. Perceived risk is the main factor to predict the decision to take protective actions and 
the timing required for such a decision.

The perceived risk is the foundation of the proposed model as existing disaster research 

and conceptual studies have shown that the perception of personal risk (i.e. the expectation 

of exposure to injury, death or property damage and loss) is deeply connected with the 

decision to take protective actions [30,47,56]. In fact, before taking any protective actions, 

householders typically need to identify and assess the risk by asking the following two 

questions: “Is there a real threat I need to pay attention to?” and “Do I need to take 

protective actions?” [1 pp. 47]. Depending on the quantification of the risk, decision-makers 

decide if it is necessary to stop their routine activities and start taking protective actions 

following this behavioural rule: the greater the certainty, severity, and immediacy of the 

perceived risk, the greater the likelihood of householders to perform protective actions [1 pp. 

50,10].

3. It is assumed that householders adopt one of four behavioural states:

a. Normal State;

b. Investigating State;

c. Vigilant State;

d. Protective State.

The concept of behavioural states was introduced by Reneke [2] in his decision model 

to address the findings by Kuligowski [55] in her evacuation model. Those findings 

highlight the existence of several major types of behavioural states, and in turn, types of 

behaviours, based on perceived risk. Each behavioural state is characterized by a different 

threat credibility. As such, householders take specific types of actions depending on their 
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behavioural state and threat credibility. In the proposed model, those who do not perceive 

any risk or a relatively low level of risk, continue routine activities believing that there is no 

credible threat (Normal State). Those who may be uncertain about the threat, but perceive 

some risk, start seeking additional information to understand the situation (Investigating 
State). Once the threat is identified (i.e. a credible threat is perceived), but the perceived risk 

has not reached a specific (pre-determined) threshold level, householders continue gathering 

information before making a decision on whether to take protective action or not (Vigilant 
State). If/when the perceived risk reaches a critical value, householders decide to take 

protective actions, choosing between several possible strategies (Protective State).

Vigilant State is not included in the Reneke model for building fire; however, it is added 

here to address other types of decisions/behaviours typical of wildfire decision-making and 

action – i.e., to extend the model for the new application area. For example, several recent 

studies indicated that many decision-makers do not want or intend to evacuate automatically 

in the event of a wildfire as they prefer to “wait and see” before making their final decision 

to leave or stay [9,12,28]. This distinction is important because it can account for differences 

in protective actions and associated timing of these actions; e.g., households in a Vigilant 
State “tend to carry out fewer preparations both for defending and for evacuating compared 
with people who have decided on one of these concrete actions” [27]. Vigilant householders 

still remain in their property but are effectively primed for new information and are therefore 

more attentive and sensitive to it if it should arrive.

4. Householders perform actions following one or a combination of multiple protective 
strategies.

Several studies indicate that three main protective strategies can be identified: stay-defend, 

stay-shield or leave [9,12,28]. Householders, who decided to stay, can have either a defend 

strategy or shelter in place (SIP) strategy. The former is the option chosen by householders 

who want to protect their property and/or its occupants. Although, the main intent of this 

strategy is defending, the residence may also be used for protection during the passage of 

the wildfire front. The latter is defined by the absence of attempts to regularly monitor 

conditions inside and outside the shelter as well as by the absence of defensive actions – the 

property is used purely for protection [9]. The strategy to leave consists of moving towards 

a safe place. This is generally done using a vehicle and can be the result of a sequence of 

preparatory actions such as packing a vehicle, picking others up, or gathering with others 

before starting the actual movement toward a safe place [5].

The last householder behaviour can be the result of a combination of these three strategies. 

For instance, some householders may have attempted to evacuate or defend their property 

prior to choosing to SIP. As such, SIP is often used as a backup strategy [9]. In other 

scenarios, householders who previously decided to defend their property may ultimately 

decide to evacuate because of an increase in perceived risk, failure of equipment used to 

defend the home, or because their house catches fire [28].

5. The change in perceived risk is proportional to the intensity of external factors (i.e. 
physical and social cues and the information sources) the household receives and the 
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householder’s internal factors (i.e. demographic, perspectives, memories of previous 
experiences and attitudes).

The external stimuli perceived by decision-makers are converted into a risk level which can 

lead to the protective action decisions. Those external factors can be divided into cues from 

the physical and social environment (especially sights and sounds) and socially transmitted 

information such as disaster alerts and warnings [1 pp. 46]. Moreover, existing literature on 

human behaviour in wildfire have highlighted that several internal factors, such as previous 

experience, affects how a decision-maker converts external factors into perceived threat 

credibility and risk [7]. Internal factors can either have an impact on the pre-decision process 

or the final risk assessment as illustrated in other types of emergencies, such as building fires 

[58,59].

6. The impact of cues and information sources is influenced by weights accounting for 
decision-maker exposure and comprehension.

According to the Protective Action Decision Model proposed by Lindell and Perry, 

external factors such as environmental and social cues and warnings, are subject to pre-

decisional processes [1 pp. 48]. External factors need to be sensed, paid attention to, and 

comprehended by a decision-maker, before an individual can assess threat credibility and 

risk. Psychological theories can be used to explain those aspects. For instance, the Theory 

of Affordances [60,61] argues that the impact of a warning or a cue on decision-making 

is mediated by the Sensory Affordance and Cognitive Affordance. Sensory Affordance 

refers to how a warning or a cue supports seeing or hearing to catch households’ attention. 

Cognitive Affordance supports the understanding of a sensed warning or cue.

7. The effects of the external and internal factors affecting the perception of risk are 
additive according to a linear formulation.

This model assumes that physical cues and socially transmitted information are independent 

of each other. As such, some decision-makers might observe and assess some combination 

of environmental and social cues, whereas others might act only on the basis of warnings 

[1 pp. 49]. This is included in the model by assuming that the perceived risk consists of 

additive risk terms associated with each external factor. The additive assumption is known 

in a regression context and in econometrics as a linearity assumption [62]. However, it is 

worth highlighting that this assumption does not necessarily refer to the relationship among 

the dependent (Y ) and the independent variables Xi . Instead, linearity refers to the way 

in which the parameters associated with these dependent variables enter the equation as 

illustrated in Equation 1.

Y = α + ∑
i

βifi Xi

Eq. 1

The linearity assumption has been used in many previous studies investigating the factors 

affecting decision-making during disasters, such as fire evacuations [63,64]. However, it 
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is important to acknowledge that this is a simplifying assumption that may obscure the 

complex relationship between the factors represented.

8. Both internal and external factors affect the choice of actions and strategies taken at 
each stage.

Assumption 3 argues that when in a behavioural state, a decision-maker needs to choose 

between a set of protective actions and strategies. This decision to select between 

available actions is affected by both the external factors that characterize the threat as 

well as the internal factors characterizing the decision-maker. Several studies have shown 

that the choice of protective actions and strategies is affected by decision-makers’ socio-

demography, preparation for and experiences with wildfire, as well as the nature and source 

of the cues [9–11,28,29].

9. The level of perceived risk of decision-makers facing the same situation may not be 
equal.

This assumption is based on the concept of behavioural uncertainty in evacuation models 

[65,66]. Behavioural uncertainty refers to the impossibility for an external observer to 

achieve a full understanding (deterministic knowledge) of an evacuation process given the 

complexity of this phenomenon [67]. For instance, Lindell and Perry argue that “[…] some 
of those at risk who are exposed to environmental cues will heed this information, but others 
will not.” [30]. Therefore, stochastic or semi stochastic approaches are suggested to develop 

novel wildfire behavioural models [5].

The conceptual block model derived by these assumptions is illustrated in Figure 1.a. 

While an expanded version of the conceptual model is presented in Figure 1.b. This 

model illustrates the relation among the cues perceived by evacuees and their actions using 

perceived risk and the definition of four behavioural states (normal, investigating, vigilant 

and protective). The model indicates that the perceived risk is affected by several external 

factors (namely, physical cues, social cues, information sources) and decision-makers’ 

internal factors (namely, demographics and characteristics). The external factors need to 

be sensed, paid attention to and comprehended in order to influence perceived risk through 

threat credibility. Perceptions of cues and their combined effects can both increase and 

decrease the level of perceived risk. In several disasters, perceiving lower intensity cues, 

conflicting cues, and cues that were decreasing in intensity caused decision-makers without 

a firm understanding of the event to underestimate their risk [67].

The decision-makers’ behavioural state depends upon the risk perceived in a wildfire 

scenario. Once the perceived risk exceeds the three thresholds (i.e., RI, RV  and RP, see Figure 

1.b) the decision-makers change their behavioural state accordingly; i.e. move to the next 

state. Depending on their states, evacuees can take different types of actions or strategies 

(i.e. series of actions) to meet objectives associated with that state. The selection of those 

action and strategies is affected by both external and internal factors as indicated by the 

segmented arrows at the bottom of Figure 1.b. The selected actions could have feedback 

effects on the perception of cues (for instance, searching actions can modify the exposure 
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and comprehension of some cues) as is indicated by the segmented arrows at the top of 

Figure 1.b.

The proposed conceptual model is dynamic over time. From an implementation view point, 

this can be achieved by a time-based or event-based approach. The former approach assumes 

that the perceived risk and protective actions are estimated at each time-step. The latter 

approach implies that the perceived risk and protective actions are estimated for each event, 

changing the state of the system (i.e. an evacuee receives a new source of information or 

perceives a new social or physical cue).

4. Model Specification

Starting from the assumptions listed in the previous section, model parameters are proposed 

to define how cues affect the level of risk, Ri(t), of a i householder at t time and modifies 

the behavioural states and the time required to reach the four behavioural states (Assumption 

2–3, Normal, Investigating, Vigilant, Protective states). According to Assumption 5 and 

7, the equation defining the relation between Ri(t), the intensity of external factors (i.e. 

physical and social cues and the information sources), the internal factors (i.e. demographic, 

perspective, memories of previous experiences and socio-economic characteristics) can be 

defined as:

Ri(t) = f FE(t), FI

Eq.2

where f is a function of all the n external factors FE(t) = F1
E(t), …, Fi

E(t), …, Fn
E(t)

and m internal factors FI(t) = F1
I, …, Fi

I, …, Fm
I . The internal factors (i.e., demographic, 

perspectives, memories of previous experiences and attitudes) are assumed constant within 

the current wildfire event given it time frame. By contrast, the intensity of the external 

factors can vary over time. Considering the linear assumption, Equation 2 can be rewritten 

as:

Ri(t) = ∑
i = 1

n
βi

EwiFi
E + ∑

i = 1

m
βi

IFi
I

Eq.3

where βi
E and βi

I are the parameters assessing the impact of external and internal factors 

on the level of risk respectively. βi
E can be affected by the credibility of threat for the 

householders. As such, their value might vary when householders change their behavioral 

states and thus level of threat credibility (Assumption 3). wi is a weight parameter 

accounting for householder exposure (i.e., perception and attention paid to the cues) and 

comprehension of the i external factor, Fi
E(Assumption 6). Therefore, positive values of 

βi
E and βi

I indicate that the related factors increase the perceived risk while negative ones 
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indicate that those factors reduce the perceived risk. The wi parameters are always positive 

and are equal to one when the related factors are perceived and zero otherwise.

The following sections discuss several key aspects of the model in more detail: external 

factors (Section 4.1), internal factors (Section 4.2), how to account for the behavioral 

uncertainty (Section 4.3), the definition of the risk thresholds (Section 4.4) and how to 

model the action and strategy selection (Section 3.5).

4.1 External Factors

Few studies are available in the literature showing which external factors had impact on 

households’ risk perception and, in turn, their decisions and actions during wildfires. To 

achieve a more comprehensive list of factors we also consider factors observed during 

hurricane emergencies [7]. Despite the clear difference in the nature of the emergencies, 

both wildfires and hurricanes have the capacity to displace communities and evolve over 

similar timescales (i.e. the public does have some amount of time over which they are 

receiving cues and they can make decisions). [7]. Based on such background, we propose 

in Table 1 a list of independent variables Fi
E that need to be considered and included in the 

proposed model based on the review in this work [7]. It is worth highlighting that this list 

might not be comprehensive as there might be other factors that have not been identified in 

existing studies.

All identified factors have a positive impact on the risk perception; i.e. increase perceived 

risk. However, the credibility of those cues might depend on the credibility of the 

information channel – the source and arrival mode of the information. As such it might 

be expected that information provided by trusted institutes or organizations (such as 

government and firefighters) have a higher impact on the increment of risk perception than 

other information channels. As such, the credibility and thus the impact of external factors 

are dependent on the information channels. A list of those channels have been identified 

in this paper [8] and include: environmental cues, radio, television, fire agency website, 

Twitter1, Facebook1, face-to-face interactions with family and/ or friends, neighbours and 

others.

Two other elements affecting this process is the households’ exposure to external factors 

(i.e., perception and attention paid to the cues) and their comprehension. To date, there 

is very little research on such topics in the wildfire field. Whittaker et al. [28] identified 

that extreme hot weather reduced the householders’ exposure to environmental cues and 

warnings during the Australian Black Saturday. It is also reasonable to assume that the 

time of the day could have impact on households’ exposure. For instance, the exposure 

to external factors can be dramatically reduced overnight. Such a trend has been observed 

and modelled in a few hurricane decision models [16,72]. Such an effect is included in the 

proposed model through the wi parameters in Equation 3. Such parameters need to be zero 

1Certain commercial entities, equipment, or materials may be identified in this document in order to describe an experimental 
procedure or concept adequately. Such identification is not intended to imply recommendation or endorsement by the National 
Institute of Standards and Technology, nor is it intended to imply that the entities, materials, or equipment are necessarily the best 
available for the purpose.
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when an external factor is not sensed, attended to, or comprehended and “1”, otherwise. 

A probabilistic approach can be used to assign. Considering the binary structure, a simple 

Bernoulli distribution b wi ∣ p  could be used to simulate the wi parameters:

b wi ∣ p =
1; pi

0; 1 − pi

Eq.4

where pi is the probability that i external factor Fi
E  is sensed, paid attention to, and 

understood. Such a probability might vary depending on variables such as weather and 

time of the day.

4.2 Internal Factors

Previous wildfire emergencies have shown that several internal factors can impact 

households’ risk perception. Those factors, Fi
I, are listed in Table 2. The proposed list is 

based on the review work proposed in this paper [7].

The proposed list indicates that there are several factors that might reduce the risk perception 

and thus delay the response actions. Age is one of those factors affecting householders’ 

response to hurricane Ike [71]. The length of time householders have lived in an area 

(i.e. residence time) can reduce their risk perception while householders living in suburban 

locations might not consider themselves at risk [28,70,73]. The levels of education and 

income show differing impacts on risk perception depending on the type of emergency. As 

such, further investigations and theories are necessary to explain those trends. Generally, 

previous experience has been shown to increase levels of risk perception [70,71,75]. 

However, experiencing unnecessary evacuations is shown to have a negative impact on risk 

perception [71].

Most of the proposed internal factors have a direct impact on risk perception. However, 

some of these factors have indirect influences. For instance, Benight [70] observed that 

women are more sensitive to evacuation warnings and orders in wildfire emergencies while 

Huang [71] identified that previous experience has an impact on the perception of threat 

credibility which has an impact on risk perception. Therefore, interaction terms might need 

to be included in Equation 3.

4.3 Behavioural Uncertainty

Behavioural uncertainty is another key component of the proposed model (see Assumption 

9). Such uncertainty can be accounted for in the model assuming that the perceived risk 

of households is not a purely deterministic quantity. The behavioural uncertainty can be 

then simulated by introducing a random term (ε) into Equation 2 since it is not possible to 

obtain a complete understanding on how evacuees behave. This term allows the modelling 

of differences among households facing the same situation as the current description 

of households’ characteristics is not able to capture all of the variables affecting their 

behaviour. This means that different agents facing the same situation can have different 
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perceived risks. Therefore, Equation 2 can be rewritten using the sum of a deterministic 

term, f, and a random term, ε, as indicated in Equation 5.

Ri(t ∣ β) = fi(t) + ε(0, σ) = fi FE(t), FI + ε(0, σ)

Eq. 5

where β is the vector of all the parameters affecting the deterministic aspects, such as 

βi
E and βi

I in Equation 3. The ε random term is a distribution having mean equal to zero 

and a constant standard deviation (σ). Different distributions can be chosen to define ε, 

such as normal distribution and logistics distributions, depending on the calibration and 

implementation issues discussed in Section 4.

A further possibility to model the behavioural uncertainty is by assuming that the β
parameters are not constant among householders. We can assume that those parameters 

have their own probability distributions PDF(β ∣ θ) where θ is the vector of parameters 

characterizing the probability distribution. In other words, this allows for the simulation 

of different households’ sensitivity to the same external factors. This type of formulation 

is typical for random parameters models and has been implemented to investigate the 

heterogeneity of decision makers in several disasters such as building fires [77–79], tsunami 

[15] and hurricanes [18,19,80]. The incorporation of this is left for future work.

4.4 Risk Thresholds and Behavioural States

According to Assumption 3, the householders can have four different behavioural states 

(Normal State, Investigating State, Vigilant State, and Protective State) and the passage from 

one state to another depends upon the level of perceived risk. As such, it is necessary to 

identify three thresholds (RI, RV , and RP) that a householder needs to pass to progress to 

another state - investigating, vigilant and then protective state as illustrated in Figure 1.b. 

Using those thresholds is possible to define the behavioural rules in Table 3.

Because of the behavioural uncertainty, Ri is not a deterministic quantity. As such, it is not 

possible to evaluate the i agent’s state with a deterministic approach. However, it is possible 

to define the probability that the i householder is in each behavioural state as illustrated by 

Equations 6.

PN, i = P −∞ < Ri(t ∣ β) ≤ RI = C RI − fi(t)
PI, i = P RI < Ri(t ∣ β) < RV = C RV − fi(t) − C RI − fi(t)
PV , i = P RV < Ri(t ∣ β) < RP = C RP − fi(t) − C RV − fi(t)
PP , i = P RP < Ri(t ∣ β) < + ∞ = 1 − C RP − fi(t)

Eq.6

where PN, i, PI, i, PV , i, and PP , i are the probabilities of the i householder to be in the 

normal, investigating, vigilant and protective states, respectively, given the cues experienced 

and their interpretation of them. C is the cumulative distribution of the random term, ε, 

introduced in Equation 5. Figure 2 provides a graphical representation of Equation 6. In 

Figure 2, it is possible to observe that that PN, i, PI, i, PV , i, and PP , i, depend on the value of 
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deterministic part, fi(t), of risk. Those probabilities are graphically represented by the area 

under the bell curve representing random term, ε. PN, i decreases when the bell curve moves 

toward higher values of risk while PP , i gradually increases.

Equation 6 can have either a closed formulation or can be estimated using numeric 

algorithms depending on the distribution of the ε random term. For instance, assuming 

that the random term has a standardized logistic distribution, C has a logistic function, and 

the formulation defined in Equation 6 represents an Ordered Logit model [81].

4.5 Action and Strategy Selection

Once householders have reached the protective state (see Section 4.4), they need to select 

a protective strategy (Assumption 4). Many authors have investigated the possible strategies 

used by householders to respond to wildfire threats [9–11,28,29]. According to this body of 

literature, the main protective strategies that can be identified are: leave, defend or SIP. As 

such, it is possible to identify the decision tree depicted in Figure 3. This tree is a nested tree 

including binary options.

The literature also indicates that the final householder behaviour can be the result of a 

combination of these three strategies (see Assumption 4) as the decision-making could be 

dynamic over time. The possibility to change decision is represent in Figure 3 by the dash 

arrows. From implementation point of view, this decision-making process can be simulated 

using either time based or event based pproach. In fact, the information source and cues can 

change the kind of protective action that the householder might take.

A possible solution to model such a decision tree can be defined assuming that such 

a decision is affected by both the external factors that characterize the threat as well 

as the internal factors characterizing the decision-maker (Assumption 8). As such, each 

householder can make an assessment of each option based on these factors that is expressed 

in terms of utility (i.e. the overall satisfaction derived by each option). Considering 

Assumption 9, those utilities cannot be entirely assessed and measured. From a modelling 

point of view, this can be addressed by dividing the utilities associated with each option into 

a deterministic part and a random part (consistent with the approach adopted previously). A 

closed formulation can be used to simulate such a decision, such as the nested-logit models 

[82]. Under those assumptions, the probabilities of the i householder to leave P i
L , defend 

P i
D  or SIP P i

SIP  can be calculate as illustrated in Equation 7.

P i
L = eμV i

L

eμV i
L

+ eμIi
S

P i
S = eμIi

S

eμV i
L

+ eμIi
S

P i
F = P i

SP (figℎt ∣ stay) = P i
S eμSV i

F

eμSV i
F

+ eμSV i
SIP

P i
SIP = P i

SP (SIP ∣ stay) = P i
S eμSV i

SIP

eμSV i
F

+ eμSV i
SIP

Ii
S = 1

μS
ln eμSV i

F
+ eμSV i

SIP
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Eq.7

where μS is the degree of independence in unobserved utility among the alternatives in the 

‘stay’ nest and P i
S is the probability to stay (i.e.1 − P i

L).V i
L, V i

F and V i
SIP are the deterministic 

utility terms utility that the i householder associates with the leave, fight and SIP strategies. 

According to Assumption 9, those quantities are a function of both the internal and external 

factors FE(t), FI . A list of those factors is shown in Table 4. Such a list of internal (INT) 

and external (EXT) factors is based on the review proposed in this review [7]. It is worth 

highlighting that this list might not be comprehensive as there might be other factors that 

have not been identified in existing studies.

Table 4 illustrates whether each fact has a positive or negative impact on the decision to 

leave, defend or SIP. However, in some instances, further information is available in the 

original reference that helps modelling householder behaviour. For instance, Strawderman 

[75], focusing on the decision to leave, observed that receiving advice to leave from 

friends, family, neighbours and/or emergency services had more impact on women and 

the advice from friends, relatives and neighbours had less impact than advice from 

authorities. Mozumder [73] showed that mandatory evacuation orders had greater impact 

than evacuation advice on the choice to leave. Moreover, having livestock has a stronger 

impact than having pets on the decision to leave [73]. Finally, householders, who planned to 

stay in hotel/motel (i.e. household plan), were more likely to evacuate than those planned to 

stay in a shelter [73].

The results present in the literature are not always consistent. For example, previous 

experience, such as false alarms, can have an negative impact on the decision to evacuate. 

[76,83]. However, such a trend was not observed by Benight [70]. According to Tibbits 

et al. [84], the presence of firefighters have a positive impact on the decision to stay and 

defend while McLennan et al. [10] did not identify this factor as having significant impact 

on actions. It is assumed that the precise impact of such experience would be affected by the 

outcome associated with the experience.

A final consideration regarding the protective action strategy selection is that factors can 

vary over time (i.e. risk perception). Therefore, the probabilities defined in Equation 7 

can change over time. Such a behaviour is supported by many findings showing that 

householders have changed their protective strategy over time because of the change of 

the threat perceptions [9,28].

5. Model Calibration

In this section, a component of the proposed model is calibrated using the data collected by 

Strahan et al. [8]. Given the available data in this reference [8], it is possible to calibrate 

a model predicting householders’ decision to leave or stay using a subsection of factors 

listed in Table 4. As such, this calibration study allows us to confirm the positive or 

negative impact of the available factors on the decision to leave and to stay. Moreover, the 

proposed model allows (1) the investigation of the impact of each factor on the protective 

action decision: leave vs. stay (i.e., how much a single parameter changes the probability to 
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choose each strategy); and (2) the investigation of the combined impact of several factors 

through a multivariate analysis (i.e. what is the probability to choose a strategy given a 

set of factors). As such, the proposed model represents a novel tool to predict individual 

household’s decisions to leave or stay given their demographics, attitudes, perceived risk and 

the warnings they receive.

5.1 Survey

The survey by Strahan et al. [8] was designed to identify self-evacuation archetypes using 

data from 457 Australian householders who had recently experienced a bushfire. In this 

study, this data is used to investigate the strategy selection described in Section 4.5; i.e., 

identifying the factors that impacted the decision to leave their property, or instead, stay to 

defend or SIP. Therefore, the overall survey data is used to calibrate the model and then 

the actions predicted by the model are compared against individual survey responses to 

determine the validity of individual model predictions.

Strahan et al. [8] developed a telephone survey to collect data from randomly selected 

residents living in areas that had been directly affected by 1) the January 2014 bushfire in 

Parkerville, Stoneville and Mt Helena in the Perth Hills and 2) the January 2015 bushfire 

that affected thirteen towns and surrounding rural areas in the Adelaide Hills. The survey 

was based on the theoretical framework provided by Protective Action Decision Model [30]. 

It included 94 questions aimed at collecting the following information:

• Intended and actual responses to bushfire (i.e. leave or stay);

• Household demographics;

• Proximity to the bushlands;

• Self-efficacy and self-responsibility;

• Previous experience in bushfires including property damage, injury, death or 

evacuation;

• Intrusiveness of the bushfire threat;

• Threat perceptions and perceptions of impact;

• Perceptions of the attributes of hazard adjustments2;

• Long-run hazard adjustments undertaken3;

• Perceptions of neighbours, media and emergency services involved in the 

bushfire event;

• Sources of information and warnings about the bushfire;

• Protective action processes of the interviewees during the event;

2Perceptions of short-run hazard adjustments or protective action perceptions are perceptions of evacuating or remaining in protecting 
personal safety or property.
3Long run hazard adjustments are the preparatory actions taken in advance of a bushfire to prepare property, establish fire-fighting 
equipment and organise personal protective equipment [8].
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• Impediments to evacuation.

Details of the questionnaire are available in the supplement material provided in this work 

[30]. For all instances, the full data-set is employed for calibration and validation. The data 

is used to calibrate the model and identify the coefficient values that best approximate the 

impact of these factors on the decision to leave or stay – generating a function connecting 

the underlying surveyed factors and associated coefficients with a predicted outcome. The 

calibrated model is then used to predict the response decision of individual respondents 

based on their other survey answers.

5.2 Participants

A total of 457 residents in wildfire prone areas affected by the two wildfire events were 

surveyed by telephone, achieving an overall response rate of 54.1%. The sample consists 

of 182 men (39.8%) and 275 women (60.2%) aged 18–65 years of age. Many (69%) 

lived in households without dependents, of those who did live with dependents, 68.7% had 

dependent children and 31.3% housed dependent adults. 11.6% had a household member 

with a disability who required assistance or care. More than 80% had lived in the locality for 

over 10 years. 71% of respondents lived in homes within 100 m of the bushlands and 21% 

lived between 100 m and 500 m of bushlands.

5.3 Model Specification and Estimation

The model proposed in this paper is a binary logit model predicting the probability of a 

householder to leave or stay. This decision represents part of the decision tree in Figure 3. 

Although it is also important to estimate the probability to defend or SIP (within the stay 

strategy), such a decision cannot be estimated using this data-set as this information was not 

collected via the survey. These two outcomes are combined in this analysis. The dependent 

variable used in this calibration study is the decision to either leave or stay taken by the 457 

respondents.

The model is illustrated in Table 5. This model is specified assuming that the utility function 

of leaving includes all the variables listed in Table 5 while the utility function of stay 

is equal to zero. As such, a positive value of the estimated parameters indicates that 

the associated variables increase the probability of leaving while negative ones reduce it. 

Equation 8 shows how it is possible to calculate the probability to leave P i
L  or stay P i

S  for 

the i householder simplifying the formulation Equation 7 since the probability to defend or 

SIP cannot be estimated.

P i
L = eV i

L

eV i
L

+ 1
P i

S = 1 − P i
L = 1

eV i
L

+ 1

V i
L = ∑

j = 1

n
βjF ij

Eq.8
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where F ij are the factors (i.e., independent variables) included in the models and βj are the 

estimated parameters.

The independent variables introduced in this calibration are selected based on the list of 

factors provided in Table 4. When such factors were measured in the survey, they were 

included in the calibrated model in Table 5. This table identifies the variables affecting the 

decision. The variables found to be significant in Table 5 (p < 0.1) are then used to estimate 

the final model proposed in Table 6.

Goodness of fit is assessed based on a comparison of the likelihood that a model includes 

only a constant LogL0 , the likelihood of the proposed models in Table 5 and 6 LogLM , and 

the adjusted McFadden R squared (AdjR2)4. The value of AdjR2 for the model in Table 5 

indicate that the variables included in the model significantly improve the intercept model 

[89]. Moreover, the AdjR2 for the model in Table 6 has a higher value than the one for 

the model in Table 5. This indicates that the model has a better fit when only the variables 

that significantly affect the decision are included. Finally, several likelihood ratio tests are 

used to compare the models in Table 5 and 6 with the intercept model and to compare both 

models against each other. Both models provide a statistical improvement over the intercept 

model (p < 0.05), while the model in Table 5 (having more parameters) does not provide a 

significant improvement over the model shown in Table 6 (having fewer parameters). These 

results indicate that the simpler model in Table 6 might be used for future implementations.

The capability of the model to predict the choice made by the 457 interviewees is calculated 

using the following steps (known in the literature as cross validation):

a. The data collected by Strahan et al. [6] is analyzed to identify a subset of factors, 

from those in Table 4, were included in the survey and thus can be used in the 

calibration process.

b. Regress the response data from the survey on the independent variables (derived 

from the set suggested in the proposed model) to generate coefficients for the 

independent variables; i.e. their unit impact on the likelihood of an individual 

responding.

c. These general coefficients are embedded and represent the impact of the factors 

within the model.

d. The model is then applied to calculate the probability of each interviewee 
choosing to leave or stay using the parameters (and the coefficients generated 

in a) calculated in Table 5; i.e. the model configured using the overall data-set is 

applied to each individual to predict their response

e. The model prediction for each individual is established by identifying the 

predicted outcome with the highest probability;

4Those are standard parameters used to evaluate the goodness of fit for random utility models [89,92].
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f. The predicted and actual actions across the population are compared to 

determine the number of times the simulated actions match the actual choice 

made by the householders;

g. This count is divided by the number obtained in (c) by the sample size to 

generate a percentage.

Given steps (a) – (f) are completed, the models proposed in Table 5 and 6 predicts 83% of 

the choice made by the interviewees. This represent further evidence that that the simplest 

model in Table 6 can be used for future implementations.

Although several parameters are not statistically significant, those parameters are left in the 

model in Table 5 as (1) the existing literature suggests that they have an impact and (2) 

such results could be also affected by the relatively small sample size. Considering that 

p-values is just “the tip of the iceberg” [90], it is possible to use many other statistics to 

assess the impact of each variable on the probability to leave or stay [91]. Marginal effects 

are proposed in Table 5 to investigate those impacts5.

In this paper, marginal effects measure the change in the probability of a householders 

to leave when an independent variable is changed, holding all other independent variables 

constant to the sample average [89]. For binary variables, marginal effects indicate how 

the probabilities change as the binary independent variable changes from 0 to 1 while, 

for continuous variables, those provide a good approximation of the amount of change 

in probability that will be produced by a 1-unit change of a continuous variable. For 

instance, it is possible to observe that the probability to leave for a (binary variable) female 

householder is 7.6% higher than the one for a male householder while 1-unit change of 

(continuous variable) householders’ bushfire knowledge produces an increment of 4.1% of 

their probability to leave. Analysing the marginal effects in Table 5, it is possible to observe 

that many variables can have a notable impact on the probability to leave, although their 

associated parameters are not different from zero to a statistically significant degree. The 

only exceptions are the following factors: house preparedness, having children and having 

pets. In fact, those variables generate variation of probabilities smaller than 1%.

Finally, it is possible to observe that the sign of the estimated parameter for the models 

in Table 5 and 6, which indicate whether the probability to leave or stay increases or 

decreases, shows consistent results. Moreover, the sign and meaning of these parameters 

are in agreement with the trends observed in previous studies (see, Table 4) showing the 

robustness of the proposed model.

The first exception is for the householders’ age. In fact, according to the literature [88], 

younger householders prefer to leave while the proposed model indicate that they prefer to 

stay. As such, there is need for more confirmatory studies to finally assess the impact of age 

on the protective strategy selection. The last exception is the sign of the “having livestock” 

parameter. According to the literature (see Table 4), householders that have livestock are 

less likely to leave while the proposed model in Table 5 shows an opposite trend. This 

5The marginal effects in Table 5 are estimated using the following open Toolkit [95].
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could be due to the fact that such a variable could be a proxy of householders’ wildfire 

exposure as householders having livestock are potentially likely to live in rural areas and/or 

be more exposed to a wildfire front. As such, future research is required to shed light on this 

discrepancy.

A simple implementation of the proposed model is illustrated in Figure 4 using Equation 

8. This figure illustrates how the probability that a householder will leave is sensitive to 

his/her perceived property risk and gender6. In line with the sign in Table 5, it is possible 

to observe that the probability of leaving increases with the risk. Moreover, this application 

shows that the change in probabilities can be greater than 40% going from low to higher 

levels of property risk. Finally, this table allows the visualization of the impact of gender on 

the decision, which is in line with the marginal effect shown in Table 5.

6. Discussion and Conclusion

This paper introduces a mathematical framework aimed at predicting how householders 

perceive the risk associated to wildfires and how they take protective actions in response 

to such threats. This is done by presenting a conceptual Wildfire Decision Model based 

on nine assumptions which rely on the existing literature on human behaviour in wildfires. 

The proposed modelling framework allows the behavioural state of a householder (i.e., 

four possible states - normal, investigating, vigilant and response) to be identified and the 

protective action response of each householder (i.e. leave, SIP or defend). As such the 

proposed framework, once embedded within a simulation platform, will provide a tool that 

generates new dynamic travel demand models for large-scale evacuations due to wildfires. 

This mathematical framework can be adjusted for different contexts and countries and 

calibrated using the datasets available in the literature. As such, future calibration may or 

may not include all the protective actions listed in this work (i.e. leave, SIP or defend), 

depending on whether these are available options for householders.

The Wildfire Decision Model has been specified based on the nine assumptions derived 

from the research literature and on the existing engineering models developed for other 

large-scale emergencies such as hurricanes. Different modelling solutions are available in 

the literature to simulate human decision-making during disasters, such as Fuzzy Theory, 

Neural Network, rule based models, etc. [67]. In this work, the model was specified to reach 

a structural approximation of PADM and to embed a probabilistic structure allowing the 

simulation of the behavioural uncertainty. As such, the proposed model belongs to the broad 

family of random utility models [92]. We identified a set of internal and external factors that 

have an impact on protective action decision-making and that then needed to be included 

in the model. Although it is not possible to state whether this set is exhaustive; however, 

it is representative of current understanding. Finally the proposed model focuses only on 

individual decision-making and future development may seek to integrate and simulate 

group decision-making following existing solutions, such as [93,94].

6The remaining variables are set on the sample average.
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In this work, a component of the proposed model is calibrated using the data collected 

by Strahan et al. [8]. The data was analysed to generate representative coefficients within 

the model representing the impact of the factors already embedded within the model. The 

calibrated model can simulate the householders’ decision to stay or leave as a function of 

several internal and external factors (see Table 5). As such, this calibrated model represents 

the first tool available to predict householder protective strategy for a wildfire emergency. 

The results produced by the calibrated model were then compared against the individual 

actions taken by individual respondents to the survey; i.e. on an individual level. In effect, 

the model calibrated with summary data from the overall data-sets was asked to predict 

individual responses, as a means of model validation. The validation results show an overall 

agreement with the existing literature and it is capable of predicting 83% of the choices 

made by the 457 householders interviewed by Strahan et al. [8].

The main limitation of the data set used in this paper is the inability to distinguish 

between defend or SIP actions among those who decided to stay, as this information 

was not collected. Another limitation of this dataset is the limited sample size and the 

limited heterogeneity of the sample. Only 457 were interviewed and the data refers only 

to Australian householders. There may be cultural, situational and behavioural differences 

between this sample and others of interest. Using data from different wildfire-prone 

countries might generate different calibration results since there are different evacuation 

strategies/policies in Australia and the US. As such, new data is necessary to quantify those 

differences.

The intention of this work was to develop a provisional model capable of predicting 

residential response in wildfires. It is recognized that this is a first step at making such 

a predictive model and that further data is required to make the model both more robust and 

representative. However, the identification and implementation of the behavioural factors as 

well as the quantification of the impact of these factors on the individual decision-making 

process represents a significant step. With the availability of additional data, from different 

incidents and locations, the model’s representation of residential decision-making in wildfire 

events can be further developed, calibrated and tested. Moreover, future work is required to 

expand the proposed model to predict householder behaviour in different large scale natural 

disasters such as hurricanes and flood.
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Figure 1 –. 
Conceptual model: (a) block version and (b) expanded version.
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Figure 2 –. 
Visual representation of Equations 5 when the determinist part of the perceived risk is in (a) 

the investigating state and in (b) the vigilant state.
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Figure 3 –. 
Protective strategy decision tree.
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Figure 4 –. 
Impact of property risk and gender on the probability of a household to leave
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Table 1 –

External factors affecting households risk perception (“+” indicates a positive impact; “−“ indicates a negaLve 

impact)

Factor Wildfire Hurricane Reference

Visible smoke + [10,29]

Embers/Firebrands + [10,29]

Flames + [10,29]

Fire/Hurricane proximity and intensity + + [10,29,68,69]

Observation of others leaving + [10]

Evacuation warning/order + + [70,71]
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Table 2 –

Internal factors affecting households risk perception (“+” indicates a positive impact; “−“ indicates a negaLve 

impact)

Factor Wildfire Hurricane Reference

Age − [71]

Income + − [71,73]

Level of Education + − [70,71]

Gender (female) + + [70,74]

Residence time − [70,73]

Previous property damage + [70]

Previous experience + ± [70,71,75]

Living in suburbs − [76]
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Table 3 –

Relationship between behavioural states and risk value

Behavioural state Risk Value

Normal −∞ < Ri(t ∣ β) ≤ RI

Investigating RI < Ri(t ∣ β) < RV

Vigilant RV < Ri(t ∣ β) < RP

Protective RP < Ri(t ∣ β) < + ∞
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Table 4 –

Internal and external factors affecting protective action decision-making (“+” indicates a positive impact; “−

“ indicates a negative impact)

ID Factor Nature Leave Defend SIP Reference

1 Risk perception INT + + [12,27,73,75,85]

2 Gender (female) INT +
[28,52,73,76,83,86–88]

3 Gender (male) INT +

4 Political leaning (democratic) INT + [73]

5 Government supporter INT + + [52]

6 Age INT + [88]

7 Income INT + [52]

8 Existing household plan EXT + + [12,29,88]

9 Preparedness (self and property) INT + [29,73,84,88]

10 Bushfire knowledge INT + [88]

11 Previous experience INT ± [70,75,76,83]

12 Self-efficacy INT +

[85][53]13 Response-efficacy INT +

14 Self-characterization INT +

15 House-preparedness and survivability INT + [84]

16 Having children EXT + [85,88]

17 Family safety INT + [12]

18 Self-safety INT + [85]

19 Having pets EXT + [73,85]

20 Having livestock EXT + [73,84,85]

21 Community attachment INT + [12,29,88]

22 Property attachment INT + [12,29,83,85,88]

23 Working for wood and insurance industries INT + [52]

24 Having more than one helper in the home to defend EXT + [84]

25 Self-responsibility INT + [29,52]

26 Received warning EXT + [75]

27 Advice to leave from friend and family EXT + [86]

28 Advice to leave from neighbours* EXT + [86,88]

29 Advice to leave from emergency service* EXT + [73,86,88]

30 Mandatory evacuation order EXT + [73]

31 Presence of firefighters in the area EXT + [84]

32 Living in a rural area EXT + [88]

*
face to face interactions
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Table 5 –

Full choice model predicting the probability of householders to leave or stay (positive values indicates an 

increment of the probability to leave while negative values a decrease of this probability)

Number of observations= 454

LogL0 = − 421.312
LogLM = − 375.258

AdjR2 =0 .06

ID* Parameter Description Value P-value Marginal Effect

1 Self and Family Risk from 1 (low) to 6 (high) −0.325 0.132 −6.9%

1 Property Risk from 1 (low) to 6 (high) 0.516 0.005 10.9%

1 Pet/Livestock Risk from 1 (low) to 6 (high) 0.098 0.546 2.0%

2 Gender 1=female; 0=male. 0.361 0.229 7.6%

6 Age1 1 if 18–24 years, 0 if others −1.840 0.033 −38.9%

6 Age2 1 if 25–34 years, 0 if others −0.509 0.588 −10.4%

6 Age3 1 if 35–44 years, 0 if others −0.351 0.652 −7.3%

6 Age4 1 if 45–54 years, 0 if others −0.332 0.563 −6.9%

6 Age5 1 if 55–64 years, 0 if others −0.588 0.255 −12.3%

6 Age6 1 if 65–74 years, 0 if others −0.183 0.723 −3.9%

9 Self-preparedness from 0 (low) to 4 (high) −0.250 0.023 −5.2%

9 House preparedness from 0 (low) to 9 (high) −0.023 0.778 −0.5%

10 Bushfire knowledge from 0 (low) to 5 (high) 0.195 0.393 4.1%

13 Leaving efficacy from 1 (low) to 5 (high) 0.725 0.001 14.10%

13 Staying efficacy from 1 (low) to 5 (high) −0.717 0.001 −16.20%

16 Having children 1=yes; 0=no. −0.013 0.977 −0.2%

19 Having pets 1=yes; 0=no. −0.019 0.964 −0.6%

20 Having livestock 1=yes; 0=no. 0.487 0.225 10.2%

25 Self-responsibility from 1 (low) to 5 (high) −0.481 0.093 −10.5%

26 Receiving warning to leave or defend 1=yes; 0=no. 0.690 0.039 14.4%

*
ID as shown in Table 4
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Table 6 –

Partial choice model predicting the probability of householders to leave or stay (positive values indicates an 

increment of the probability to leave while negative values a decrease of this probability)

Number of observations= 454

LogL0 = − 421.312
LogLM = − 375.963

AdjR2 =0 .09

ID* Parameter Description Value P-value Marginal Effect

1 Property Risk from 1 (low) to 6 (high) 0.34907 0.006 7.30%

6 Age1 1 if 18–24 years, 0 if others −1.287 0.065 −27.90%

9 Self-preparedness from 0 (low) to 4 (high) −0.28047 0.003 −5.90%

13 Leaving efficacy from 1 (low) to 5 (high) 0.77214 0 12.90%

13 Staying efficacy from 1 (low) to 5 (high) −0.65598 0.001 −17.20%

25 Self-responsibility from 1 (low) to 5 (high) −0.47554 0.074 −11.30%

26 Receiving warning to leave or defend 1=yes; 0=no. 0.51721 0.098 10.60%
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