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Abstract

Disastrous events have been drastically increasing — both in frequency and destructive capacity —
over the past few years. While advance-notice events have received a great deal of attention in the
literature of disaster management, not much attention so far has been given to the no-notice events
mainly because of the scarcity of data. As an attempt to address this critical gap, the current study
proposes a disaggregate evacuation demand framework to understand evacuees’ travel behavior in
case of no-notice emergency events. The proposed framework comprises four main steps of
evacuation decision, evacuation planning, tour formation, and activity schedule update. This article
is dedicated to the introduction of the framework structure and elaboration on the tour formation
step. In this step, we first estimate the total number of intermediate stops, travel time, and distance
of the evacuation tours for those who decide to evacuate through a joint modeling structure and
then, determine the type of each intermediate stop (if any). It is found that a broad range of factors
including evacuees’ demographic profiles, built-environment attributes, and characteristics of the
disastrous event plays a significant role in people’s evacuation behavior during no-notice
emergency events. The findings of this study can assist responsible agencies in understanding
evacuees’ complex behavior, and consequently, in devising effective strategies to alleviate
economic damages and casualties resulted by such events.

Keywords: No-notice emergency; disaster management; evacuation tour; intermediate stop; joint
modeling; rank ordered model

1. Introduction

In recent decades, both natural disasters — such as hurricanes, floods, earthquakes, and wildfires —
and man-made disasters — such as hazardous material spills, terrorist attacks, and wildfires — have
become more frequent and more intense. Only in 2017, 330 catastrophes occurred around the
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world, which caused economic losses of more than USD 337 billion —almost 50% more than
economic losses in 2016 (Aon, 2018). In terms of the predictability, catastrophic events can be
categorized as advance-notice and no-notice disasters. In the case of advance-notice disasters such
as hurricanes and floods, authorities are able inform the public as soon as the incidents are
predicted, so that potentially affected people can start to plan for the emergency evacuation.
However, in the case of no-notice disasters such as earthquakes and terrorist attacks which by
definition are not predictable, there is no time to develop evacuation plans upon their occurrence.
Hence, pre-disaster planning is of utmost importance in such situations.

Another critical aspect of no-notice disasters which roots in their unpredictable nature is the
spatial dispersion of family members at the time of the incident. As family members may be
located at different places (the likelihood of being at different locations varies based on time of
day), they might decide to make additional trips for the purpose of gathering or picking up children
before evacuating the affected area. These trips may even conflict with the evacuation procedure
by adding extra trips in the opposite direction of the evacuation route (Liu et al., 2012). Failing to
account for such instances can result in underestimation of travel demand that can ultimately lead
to a higher number of fatalities during such emergencies. Therefore, identifying behavioral factors
that influence evacuation decisions is imperative to devise the most effective strategies to reduce
economic damages and loss of life.

Evacuation behavior in the case of advance-notice events has been comprehensively studied
in the literature (see, for example, Baker (1991), Drabek (1999), Drabek and Boggs (1968), Hasan
et al. (2011)). However, only a handful of studies have aimed to investigate behavioral responses
during no-notice events mainly because of the scarcity of available data. As one of these studies,
Liu et al. (2012) developed a binary logit model of parents’ child-pick up behavior during no-
notice emergency events. In a later study, Liu et al. (2014) developed a simulation framework in
which several behavioral components such as household gathering and mode choice decisions
were incorporated. Evidently, there is yet a considerable gap in the literature with respect to
understanding people’s evacuation behavior in the case of no-notice emergency events. In an effort
to fill such a gap, the current study proposes a disaggregate evacuation demand framework to
understand evacuees’ travel behavior in the case of no-notice disasters. The behavioral components
are constructed utilizing an internet-based stated preference (SP) survey conducted in the Chicago
metropolitan area.

The proposed framework is designed to be compatible with the structure of the Agent-based
Dynamic Activity Planning and Travel Scheduling (ADAPTS) activity-based framework (Auld
and Mohammadian, 2012). The proposed behavioral evacuation demand model is an add-on
component to the ADAPTS framework and is only called if a disaster occurs during the simulation
interval. Once a disaster happens, the evacuation model is called to estimate the new demand in
four steps and update every person’s activity schedule accordingly. The framework starts by
identifying individuals’ decision on evacuation where they can either ignore the event, seek shelter
at their location, or evacuate (for more information about the evacuation decision, please refer to
Golshani et al. (2019)). If an individual decides to evacuate, the framework continues by planning
his/her evacuation activity attributes (i.e., mode, departure time, and final destination) with models
specifically designed for no-notice emergencies (for more information about the evacuation
planning phase, see Golshani et al. (2018)).

The third phase of the framework corresponds to the evacuation tour formation, which is the
focus of the current study. In this phase, various components in the evacuees’ tours including
number of intermediate stops, type of these stops, and travel time and distance are determined.
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Finally, the framework updates people’s activity schedule where those who decide to ignore the
incident will follow their previously planned activity schedules. The schedule of those who decide
to stay in the same place that they are at the time of the event will be replaced with an indoor
activity until the safe situation will be announced. In the case that an individual decides to evacuate,
a new evacuation activity (which all its attributes are determined through the components of the
proposed add-on framework) will replace his/her routine activity schedule.

This article specifically focuses on the third phase of the proposed framework, which will be
referred to as tour formation. In this bi-level phase, we first determine the components of the
evacuation tours including number of intermediate stops, travel time, and travel distance. Because
of the interrelations of these components or causal effects that they may have on each other, it
would be of great significance to consider them as a joint structure. Therefore, a joint discrete-
continuous-continuous model that contains ordered probit formulation for the discrete component
(number of intermediate stops) and log-linear regression for the continuous components (travel
time and distance) is developed. Ordered probit is chosen for modeling the number of intermediate
stops because it specifically accounts for the ordinal nature of the variable, and the log-linear
regression is selected to ensure the non-negativity of outcomes for the continuous components
(Farber et al., 2014).

Once the total number of intermediate stops in the evacuation tour is estimated, the second part
of this phase determines the type of each potential stop. There are four types of intermediate stops
available in the data, namely, meet with family and friends, shop for supplies, pick-up children,
and pick-up other family members. For the case of having only one intermediate stop, a
multinomial logit model (MNL) is incorporated to estimate the probability of each stop type. For
those who have more than one stop in their evacuation tour, a variation of rank ordered logit model
is utilized to determine the type and order of the intermediate stops in the evacuation tour.

The remainder of this paper is organized as follows. The next section is dedicated to a brief
review of the literature related to travel behavior during the evacuation. This is followed by section
3, which describes the proposed evacuation demand framework. Section 4 describes the utilized
data source and other data processing efforts of the study followed by section 5, which describes
the proposed joint discrete-continuous-continuous, multinomial logit and rank-ordered logit
models. Section 6 presents detailed estimation results and interpretation of the estimated
parameters. The paper concludes with a summary of the major findings and recommendations for
future studies.

2. Literature Review

This section reviews previous studies on evacuation behavior which form multiple research
streams focusing on different aspects of the evacuees’ behavior, including:

1) Evacuation participation decision (Baker, 1991, 1979; Fu et al., 2006; Fu and Wilmot,
2004; Hasan et al., 2011; Lindell et al., 2005; Liu et al., 2012)

2) Evacuation timing decision (Dixitetal., 2012; Fu et al., 2006; Fu and Wilmot, 2004; Hasan
etal., 2013; Ng et al., 2015; Sadri et al., 2013)

3) Evacuation destination choice (Charnkol et al., 2007; Liu et al., 2008; Mesa-arango et al.,
2013; Parady and Hato, 2016)

4) Mode choice (Kang et al., 2007; Liu et al., 2014; Sadri et al., 2014)
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Two major lines of research can be recognized with regard to the evacuation participation
decision. In the first line, researchers analyze the characteristics of evacuees mainly through
descriptive analysis and statistical tests (Baker, 1991, 1979; Dow and Cutter, 1998; Drabek, 1999;
Fischer et al., 1995; Lindell et al., 2005). For example, as one of the first studies on hurricane
evacuation, Baker (1979) explored the data collected after hurricanes Carla in Louisiana and
Texas, Camille in Mississippi, and Eloise in Florida to predict whether individuals evacuate after
receiving warnings. Conducting the chi-squared test to discern the significant variables followed
by computing Goodman and Kruskal’s measure of association strength, they found that receiving
warnings, neighbors’ evacuation decision, severity of the previous hurricane, and risk perception
influence the likelihood of evacuation.

The second group of studies on the evacuation participation decision has considered this
process from a behavioral perspective to specify how individuals’ demographic characteristics,
built-environment factors, and specifications of the event affect their decision to evacuate. For
instance, using data collected after Hurricane Andrew in southwestern Louisiana, Fu and Wilmot
(2004) developed a sequential binary logit model to estimate individuals’ evacuation decision at
different time periods prior to the hurricane landfall. They later extended the analysis using more
detailed data from Hurricane Floyd in South Carolina and considered more disaggregated time
intervals to better capture the dynamics of the evacuation decision (Fu et al., 2006). Their model
associates the likelihood of evacuating within each time interval prior to the storm with hurricane
characteristics and evacuation order from the authorities. They also investigated the transferability
of the model to other hurricanes and found it applicable for the data from Hurricane Andrew.

Sadri et al. (2017) developed a mixed logit using data collected from Hurricane Sandy in New
York and New Jersey to investigate the effect of social cues on evacuation participation. Lovreglio
et al. (2016) developed a simulation framework that first estimates perceived risk as an important
factor on evacuation participation. The variety of studies on evacuation participation in terms of
methodology and influential factors makes it hard to precisely identify the most important
contributors in evacuees’ decision behavior. Therefore, Huang et al. (2016) and Thompson et al.
(2017) presented a systematic review of literature on evacuation participation and identified social
factors, type of government evacuation order, perceived and observed risk of disaster, as the most
important determinants of evacuation decision.

As one of the first studies on the evacuation departure time decision, Sorensen (1991) applied
an ordinary least square regression to specify the relationship between evacuee’s departure time
choice and other explanatory variables. He found that the time of receiving the warning and the
preparation time that the evacuee needs to leave are the key drivers of the departure time decision.
Using the data collected in southwestern Louisiana after Hurricane Andrew, Dixit et al. (2012)
presented an evacuation departure time choice model while controlling for the risk attitudes. They
found that factors such as length of time spent in a region, time-of-day, and whether a mandatory
evacuation order was issued have significant effects on the evacuation timing decision.

Arguing that the decisions under risk are heterogeneous across the hurricane-affected
individuals, Sadri et al. (2013) estimated a random parameters ordered probit model to capture
underlying unobserved factors in the evacuation timing decision. They used the data from
Hurricane lvan to estimate the evacuation mobilization time (time elapsed from the evacuation
decision to the actual evacuation). They found that socio-demographic attributes of evacuees,
event characteristics, and household location are key determinants of the mobilization time. They
also reported heterogeneous effects of variables such as previous hurricane experience, source and
time of evacuation warning, and work constraints across the observations.
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Using the same dataset, Hasan et al. (2013) applied a random-parameter hazard-based model
for estimating the evacuation departure time. They adopted the continuous time approach to
address the limitations associated with the coarse discrete time intervals considered in the prior
studies. The proposed model is found to reasonably estimate the duration between the time of
receiving the hurricane warning and the actual departure time. As reported, factors such as
household residential type and location, type of the shelter, travel time and distance to the
evacuation destination in a normal situation, education level, type of evacuation warning
(mandatory or optional) have a significant effect on the evacuees’ departure time decision.

In another interesting study, Ng et al. (2015) investigated the departure time choice behavior
of the medically fragile population for the case of hurricane Irene. Using data from a large-scale
phone survey conducted 6-8 months after the hurricane, they applied the ordinal logit model to
uncover the key variables in evacuation behaviour of the medically fragile people. They first
adopted a broad definition of medically fragile people and found that being African-American or
having at least one adult female member in the household increases the odds of later departure
during an evacuation. Then, they adopted a narrower definition (i.e. only those with the more
serious medical conditions) and found that being white or having a long distance to the intended
evacuation destination increases the odds of earlier departure.

Pertaining to the evacuation destination choice, the majority of the related studies have focused
on the aggregate level (zone-based) analysis. These studies have adopted a broad range of
methodological approaches ranging from trip distribution gravity models (e.g., (Wilmot et al.,
2006)) to zone-based discrete choice models (e.g., (Cheng et al., 2008a)). In this line of research,
Charnkol et al. (2007) analyzed evacuees’ trip destination choice using binary logistic regression
and neural network models. They compared the probability of selecting public and private shelters.
Two separate sets of models for permanent residents and transients were presented. They found
that safety and security, medical support, communication attribute, comfort and convenience, and
availability of food and beverage significantly influence the shelter choice behavior.

In another study, Cheng et al. (2008) presented two zonal-level multinomial logit models for
friends-relatives and hotel-motel destination choices. They aggregated destination zones based on
the level of risk imposed by the hurricane and natural geographic features and considered 28
destination alternatives in their analysis. It was found that the evacuation trip distance as well as
the attributes of the destination zone such as the risk level, population, presence of a major
metropolitan area, number of hotels, and presence of an interstate highway affect the destination
choice. Later, Mesa-arango et al. (2013) presented a household-level nested logit model to analyze
evacuees’ destination type choice behavior among four common alternatives of houses of friends
and relatives, hotels, public shelters and churches, and other places. They used data from Hurricane
Ivan to estimate the model parameters. More recently, Parady and Hato (2016) developed a
spatially correlated logit model and presented an alternative allocation parameter to account for
the spatial correlation in the context of tsunami evacuation. They found that factors such as travel
distance, the altitude difference between origin and destination, number of buildings, and number
of officially designated shelters are associated with the evacuation destination choice.

Review of literature focusing on the evacuation mode choice behavior highlights the dearth of
research in this area; that is largely because evacuees tend to use their own vehicle for leaving the
unsafe place (Lindell and Prater, 2007; Wilmot and Gudishala, 2013; Wu et al., 2012), which is
not always the optimal choice (Murray-Tuite et al., 2012a). As one of the few studies on evacuation
mode choice behavior, Kang et al. (2007) investigated the difference between peoples’ stated
evacuation mode and their actual decision and concluded that their behavior mostly aligns with
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their stated preferences. In a more recent study, Sadri et al. (2014b) developed a nested logit model
for evacuees who chose not to drive their own vehicles and analyzed their mode choice decision
during a hypothetical major hurricane. Bian et al. (2019) jointly estimated evacuee’s mode and
destination type choices by utilizing data from multiple hurricanes to develop a nested logit model.
The authors structured the nests by putting destination types in the first level, and a variety of
available evacuation modes under each type of destination. With regards to the no-notice
emergencies, Liu et al. (2014) estimated a decision tree for the evacuation mode choice decision
in their simulation framework. They found that vehicle access and decision to pick-up another
family member are the most influential factors in evacuees’ mode choice decision.

Simulation-based models are designed to examine the evacuation plans by replicating the
traffic conditions in the transportation network over time based on previously estimated traffic
operation models. These models are indeed the same models that are used for traffic simulation
with minor adjustments to simulate traffic during emergency situations. A few studies developed
software packages specifically designed for evacuation process of nuclear plant emergencies.
Traffic simulation software packages such as NETSIM, PARAMICS, DYNASMART-P,
CORSIM, and VISSIM may be used to simulate evacuation procedures. Chrurch and Sexton
(2002) used PARAMICS simulation package to estimate the clearance time under different
evacuation scenarios considering multiple arrangements of travel demand and traffic conditions.
Cova and Johnson (2002) investigated a case study using PARAMICS for a wildfire emergency
in Utah but concluded that this software is unable to account for traffic operation models (i.e.,
route-choice, car-following etc.). One of the major problems in evacuation models is that drivers’
logic for route selection is assumed to be either (i) choosing the shortest path or (ii) choosing the
route with limited understanding of the network. Unless tied to more general route selection
models, which are able to capture the evacuees’ complex decision behavior, these simulation
packages may not be suitable for evaluating emergency evacuation procedures in large urban areas
(Zhang et al., 2010).

To consider evacuees’ decision behavior, various agent-based models (ABM) have been
developed to simulate evacuation scenarios in response to disasters. For instance, (Chen et al.,
2006) used ABM to estimate the required clearance time to evacuate all the residences in the
Florida Keys in response to a major hurricane. (Nagarajan et al., 2012) developed a household-
level ABM framework to quantify the effect of evacuee’s behavior on spreading warning messages
during disasters. (Poulos et al., 2018) developed an ABM to simulate evacuation behavior of
children and staff members of a school in Iquique, Chile in response to a hypothetical tsunami and
validated their results with observed behaviors during similar events. Yin et al. (2014) developed
an ABM model that includes behavioral sub-models to estimate evacuees’ decision behavior
during hurricanes. The sub-models include evacuation decision, accommodation type and location,
mode choice, and departure time. The model also includes pre-evacuation activity generation and
scheduling for the entire evacuation tour. In a later study, (Ukkusuri et al., 2017) added behavioral
route choice models and dynamic traffic assignment to Yin et al.”’s model in order to create a robust
and accurate evacuation modeling framework.

3. Proposed Framework

This section elaborates on the proposed evacuation demand model which aims to simulate
individuals’ evacuation behavior during no-notice emergency events. The evacuation demand
model is designed as an add-on module for the ADAPTS activity-based framework (Auld and
Mohammadian, 2012). ADAPTS is an activity-based model which simulates the process of
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generation, planning, scheduling, and execution of people’s daily activities. In each simulation
time step, the framework determines if each agent (individual) decides to generate a new activity
of a certain type. Then, the attributes of the activity such as start time, duration, location, party
composition, and mode of travel to the activity location are determined through their
corresponding models. Finally, the newly planned activity is added to the schedule and its potential
overlaps with the formerly scheduled activities are resolved. Further details about the various
components and applications of ADAPTS framework can be found in Auld et al. (2009), Auld et
al. (2012), Shabanpour et al. (2017), and Shabanpour et al. (2018a, 2018b).

Consistent with the ADAPTS structure, the proposed evacuation demand model is designed to
be placed prior to the activity execution step and is called only if a disaster has happened in the
corresponding time step. Once the evacuation model is called, it estimates the new travel demand
and updates individuals’ activity schedule. An overview of the proposed evacuation behavior
framework is presented in Fig. 1. The framework comprises four main steps: (1) evacuation
decision, (2) evacuation planning, (3) tour formation, and (4) activity schedule update.

The first step deals with the decision to evacuate; individuals may decide to either ignore the
emergency situation, shelter in their place, or evacuate. This decision has been analyzed in the
authors’ previous study (Golshani et al., 2019), where clustered-based multivariate ordered probit
models estimate individuals’ evacuation decision behavior in the context of no-notice emergency
events. In the analysis, first, a two-step clustering algorithm was applied to group the evacuees
into three distinct clusters in order to capture the heterogeneity in their decision behavior. Second,
a multivariate ordered probit model was estimated within each cluster to determine the probability
of selecting each of the three options of ignoring the situation, seeking shelter at the place, and
evacuating to a safe place. In the first case, individuals ignore the event and follow their previously
determined activity schedules. In the second case, they will stay in the same place that they were
at the time of the event and an indoor activity will replace their formerly scheduled activities until
the safe situation will be announced. In the last case, individuals decide to evacuate to a safe place.
In this case, a new evacuation activity will replace the routine activity schedules of evacuees. The
attributes of the evacuation activity will be determined in the next steps of the framework.

The second step, named as the evacuation planning, identifies the main attributes of the newly
generated evacuation activity. In this step, first, a joint discrete-continuous model estimates the
final destination and departure time choices of the newly generated evacuation activity. These two
critical decisions can directly influence spatial and temporal traffic distributions in the network in
case of the emergency events. The joint structure is proposed to explore the interdependencies
between these attributes that stem from the shared factors influencing them and/or the causal
effects that they might have on each other. The proposed joint model comprises a multinomial
logit model as the discrete component to estimate evacuation destination and an accelerated hazard
model as the continuous component to estimate the departure time. Next, a support vector machine
is estimated to model evacuees’ mode choice decision. More details about the analysis of this phase
can be found in the authors’ previous work (Golshani et al., 2018). It should be noted that to keep
the proposed framework consistent with the structure of the ADAPTS activity-based model, the
evacuation process is considered from an activity-based perspective, rather than a trip- o tour-
based process. Therefore, the evacuation activity has a set of attributes including departure time,
mode, and final destination, which are determined in this phase.

The third phase, named as tour formation, corresponds to identifying the total number of
intermediate stops, type of these stops, total travel distance, and travel time of individuals’
evacuation tours. The current study specifically focuses on this step as highlighted in Fig. 1 by a
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dashed red box, where firstly a joint ordered-continuous-continuous model estimates the total
number of stops, total distance, and total travel time of the evacuation tours. The joint structure is
proposed to avoid estimation bias and to capture the endogenous effect of number of intermediate
stops in total travel time and distance, as well as the interrelations between the three variables.
Secondly, the type and order of the intermediate stops is determined using a a variation of the rank-
ordered logit model. These models will be minutely elaborated in the following sections of the
current study. Finally, in the schedule update phase of the proposed framework, evacuees’ routine
activity schedules (that were formed by the activity-based model for a typical day) are updated.
Indeed, the new evacuation activity whose all attributes (i.e., departure time, destination, and
evacuation mode, etc.) are determined will replace the previous schedule.
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4. Data Analysis

The data used in this study is extracted from a stated preference survey conducted by Argonne
National Laboratory in 2012, which collected information of 526 respondents in Chicago, US. The
data is collected through an online platform with access to Google Maps API to facilitate collecting
information regarding the location of respondents and their household members on a typical
weekday. The first part of the survey corresponds to collecting detailed demographic information
(e.g., age, gender, employment status, income level, residential location) and vehicle ownership
and use information. In the second phase of the survey, complete information regarding the
location of all family members throughout a typical day is collected. This information is used to
derive multiple land-use and built-environment factors at the census tract level from Smart
Locations provided by the Environmental Protection Agency (EPA, 2014), which are added to the
final dataset.

In the last part of the survey, respondents are presented with hypothetical emergency scenarios
that vary in terms of timing (9:00 am, 2:00 pm, and 7:00 pm), risk level (low, moderate, and high),
location (based on the location of family members), radius of the event (5, 10, and 20 miles), and
government recommendation (evacuate, seek shelter). Respondents are then asked about their
evacuation decision and their potential evacuation tours after the occurrence of the event. The
collected tour information includes departure time, evacuation mode, and the final destination of
the evacuation tour. A full description of the survey, descriptive statistics, and validation of the
data can be found in Auld et al. (2012).

After collecting general information with regards to the evacuation decision and the
corresponding evacuation attributes, respondents were asked to indicate any possible intermediate
stop in their evacuation tour. They were asked to first select the stop type and then enter the
location on the interactive map provided for them. Regarding the stop type, respondents were able
to select an option among meeting with family and friends, shopping for supplies, picking-up child,
and picking-up other family members. With respect to the number of intermediate stops, data
analysis reveals that 48.4% of the respondents stated that they would make no intermediate stops.
From the remaining 51.6%, 73% had only one intermediate stop, 19.4% had two intermediate
stops, and 7.6% had three intermediate stops in their evacuation tours. Due to the limited number
of observations who reported that they would have three stops, these observations were excluded
from the analysis.

After collecting the information regarding the intermediate stops and considering respondents’
location and their final destination, we formed the complete evacuation tour for each individual to
estimate the total travel time and distance as illustrated in Fig. 2. Following that, Fig. 3 presents
the distribution of stops types for (a) respondents with one intermediate stop in their tour and (b)
respondents with two intermediate stops in their tour. According to this figure, most of the
respondents selected meeting with family and friends as their first stop whereas the most probable
type for the second stop is shopping for supplies. Furthermore, 32% of respondents stated they
would pick-up either children or other family members in the first stop whereas this rate increases
to 40% for the second stop in the evacuation tour. Table 1 presents summary statistics of the key
factors used in the final models.
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Table 1.

Summary statistics of key variables

Variable Definition Mean d?et\}.
Age: 19-25 1: if respondent is between 19 and 25 years old; 0: o/w 0.07 0.25
Age: 26-35 1: if respondent is between 26 and 35 years old; 0: o/w 0.13 0.34
Employment: full time 1: if respondent is full time worker; 0: o/w 0.59 0.49
Employment: retired 1: if respondent is retired; 0: o/w 0.13 0.34
Employment: unemployed 1: if respondent is unemployed; 0: o/w 0.08 0.27
Residence: multi-unit residential building 1: if respondent lives in a multi-unit residential building; 0: o/w 0.17 0.37
Residence: house 1: if respondent lives in a house; 0: o/w 0.49 0.50
HH income: low 1: if household income is less than $50K; 0: o/w 0.26 0.44
Vehicle access 1: if respondent has access to a vehicle when event occurs; 0: o/w 0.88 0.32
HH size > 2 1: if household size is equal or greater than 2; 0 o/w 0.44 0.50
HH size > 3 1: if household size is equal or greater than 3; 0 o/w 0.26 0.44
HH child Number of children in the household 0.58 1.04
Having a child 1: if respondent has a child; 0: o/w 0.30 0.46
Proximity to respondent <5 1: if event happens within a 5-mile radius of the respondent; 0: o/w 0.19 0.39
Proximity to child <5 1: if event happens within a 5-mile radius of the respondent’s child; 0: o/w 0.07 0.25
Proximity to other family members <5 1: if event happens within a 5-mile radius of the respondent’s other family members; 0: o/w 0.09 0.28
Proximity to family members <5 1: if event happens within a 5-mile radius of any family member of the respondent; 0: o/w 0.16 0.37
Order to evacuate 1: if government has issued an evacuation order; 0: o/w 0.65 0.48
Severity level: high 1: if event has a high severity; 0: o/w 0.33 0.47
Destination: shelter 1: if shelter is selected as respondent’s final destination; 0: o/w 0.58 0.50
Population Density Population density of respondent’s location at the time of an event (in thousand) 4.62 6.10
Population Density (log) Log of population density of respondent’s location at the time of an event (in thousand) 0.84 1.19
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5. Modeling Approach

5.1.Tour Components: Joint Model of Number of Intermediate Stops, Travel Time, and Distance

In this section, we elaborate on the structure of the joint ordinal-continuous-continuous model that
will be used to simultaneously estimate number of intermediate stops, travel time, and travel
distance, respectively. As previously shown in the data section, the number of intermediate stops
in people’s evacuation tours vary from 0 to 2. Due to the ordinal nature of this variable, we apply
the ordered probit model to estimate the first component of the joint structure as:

Ui ZBXL +€i

1)

Si=j if pj <Up <y

In Eqg. (1), U; is the unobserved utility function of the number of intermediate stops for
observation i, X; is a vector of explanatory variables, f is the vector of estimable parameters, and
&; 1S the random error term assumed to have a normal distribution with mean zero and variance
oZ. In Eq. (1), j is the number of intermediate stops (here ranges from 0 to 2), y; is the threshold
that separates j and j + 1 categories, and J is the total number of categories. Assuming the
cumulative density function of the error term as &(.), the probability of each outcome in
observation i can be written as:

P(S; = 0) = @ (o — fX,) = D(—FX)) )
P(S; = 1) = (uy — BX;) — P(—pX)) 3
P(S;=2) = 1— ®(u; — BX) = DBX; — my) (4)

With regards to the second and third components of the joint model, travel time and travel
distance are considered as continuous variables with a log-normal distribution® (to ensure their
non-negativity), which can be formulated as:

In(T)) = aZ; +v; )
In(D;) =y0Q; + w; (6)

here, T; and D; are respectively the total travel time and distance traveled by an evacuee, Z; and Q;
are vectors of explanatory variables that affect the travel time and distance, respectively, with «
and y as their vectors of estimable parameters. v; and w; correspond to the stochastic error terms
of the evacuation travel time and distance, which are assumed to be normally distributed with
probability density functions as (Johnson et al., 1994; Nurul Habib et al., 2009):

! To ensure that travel time and travel distance values follow log-normal distribution, the Kolmogorov-Smirnov test
has been conducted. The test statistics for travel time and travel distance are respectively 0.051 and 0.046, which are
less than the critical value for N = 380 and a = 0.1 as 0.063. Therefore, it can be concluded that travel time and
travel distance follow log-normal distribution.
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where f(.) Is the probability density function of the error terms, o, and o, are the standard
deviations of the normal distributions corresponding to v and w, respectively.

In order to capture the effects of the shared unobserved factors on the three dependent
variables, a multivariate normal distribution can be imposed on the error terms of Eq. (1), Eq. (5),
and Eq. (6) as follows:

& 0 052 PeyvTs0y Pew0e0y
Vi |~N|0|,| pveovOe UE PvwOy Oy (9)
wj

0 pmso-(u O-S pwv O-a) O-V 0-(12)
where p,.,, IS the correlation coefficient between any two random error terms m and n. To avoid
unnecessary complex analysis, we can normalize one of the standard deviations to 1. Therefore,
the multivariate normal distribution can be rewritten as (Greene, 2012):

&i 0 1 PevOy PewOw
(vi> ~N <0> ’ <pvs0v 0-3 pvmavaw>
@i 0/ \Puwelu Pur0udy 04
We can consider the multivariate normal distribution as a union of multiple bivariate normal
distributions (Nurul Habib, 2012). Therefore, considering the correlation between the three
dependent variables (as presented in Eq. (10)) and assuming the total travel time as the base (as in

Eq. (7)), we can employ the approach presented by (Lee, 1982) to transform the probability density
functions of the error terms of the total travel distance from Eq. (8) to Eq. (11) as follows:

(10)

1 In(D) = ¥Qi = Pun i (ln(leri—aZl>
o ¢ v 11
(o1 =pn)0 =7 1)

Therefore, the probability of each outcome for observation i can be written as:

In(T;)-aZ;

[ /‘5Xi—Pva(w%xzi)-pm£m<ln(Di)_yQi_pmvaw<g,,))\‘

am\[l—pﬁw

|
lf(v")f(w")qb K Jastoa-r20 )J|

(12)
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Assuming that m;; is a binary indicator which equals 1 if j number of stops is observed for

individual i and equals O otherwise the likelihood function of the joint ordered-continuous-
continuous model can be formulated as:

2

T1[ P = (15)

i=1 j=0

5.2.Type of Intermediate Stop

As previously discussed, once the number of the intermediate stops is determined (the output of
the latter model), we will determine the type of each stop. In the survey, four types of intermediate
stops are identified in respondents’ evacuation tours, namely meeting with family & friends, pick-
up children, pick-up other family members, and shop for supplies. Descriptive analysis of the data
indicates that the number of intermediate stops ranges from 0 to 2. In case of zero stops, intuitively,
there is no need for identifying the stop type. In the case of one intermediate stop, we employ a
multinomial logit model to determine the type of the stop. In this model, the utility of alternative
a (a from {1, 2, ..., A}) for individual i, and probability that individual i selects alternative a are
as follows:

UlS;y = 0gNig + {ig (16)

0. N;
P[yi _ a] _ Aexp( a la) (17)
=1 €xp (O Nyy)
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here, UIS;, denotes the utility of intermediate stop a for individual i, 6, is the vector of estimable
parameters that corresponds to the vector of independent variables (N;,), and {;, is the stochastic
error term assumed to follow an extreme value type I distribution.

In the case that the evacuee has two intermediate stops, we use a variation of the rank ordered
logit model (Beggs et al., 1981) to determine the type and order of the two stops. In this model,
we consider the ordering of the stops as y* = (a;1, a;z, ..., a;z), Where a;, denotes the alternative
which is ranked as the rth alternative by individual i, and R denotes the total number of alternatives
which are ranked. This model assumes that the decision maker selects the alternative with the
highest utility as the most preferred alternative, the alternative with the second highest utility as
the second most preferred alternative, and so forth. Therefore, the probability of observing ranking
yR for respondent i equals (Beggs et al., 1981):

exp (earNair)
=r €XP (eak Naik)

R
PIf = (i aw)) = | |55 (18
r=1 <k

More specifically, in the context of our analysis where evacuees have two intermediate stops
(R = 2), Eq. (18) can be simplified as follows:

exp (Bal Nai1) exp(gaz Naiz)

(19)
21:1 exp (Bak Naik) Zicl:z exp(eakNaik)

Ply} = (ain,aip)] =

Assuming that &; 4, 4,y is a binary indicator which equals 1 if ranking of (a,, a,) is observed

for individual i and equals O otherwise, the likelihood function of the model can be formulated as
follows:

S8i(asa
exp(9a1Nai1) exp(eazNaiz) J(a1,a2)
L= | | | | . X — o0
k=1 exp(eakNaik) D=2 exp(eakNaik)

i (apaz)

6. Estimation Results

The results of the tour components model (including number of intermediate stops, total distance,
and total travel time) and the results of the models on the type of intermediate stops are respectively
presented in Table 2 and Table 3. This section starts with discussing the tour components model
in terms of effects of the estimated parameters (their sign and magnitude), followed by elaborations
on parameters of the joint structure and model elasticities. Following that, results of the models on
the type of intermediate stops are discussed. To avoid misspecification issues such as
multicollinearity in the estimated models, we have controlled for high standard errors, large
changes in coefficients when adding covariates, and validity (i.e., coefficient signs that do not
follow intuition) of the estimated coefficients during the modeling procedure.

The estimation results confirm that a confluence of factors including individuals’ and
households’ socio-demographics, characteristics of the emergency event, and built-environment
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indicators influence the evacuation tour components. To facilitate the interpretation of the
estimated parameters of the number of intermediate stops component, mean marginal effects of
the binary variables used in the model are presented in Fig. 4. According to this figure, receiving
the evacuation order by government has the highest effect on the number of intermediate stops in
the evacuation tour. On the other hand, whether the residence type is single-family detached house
has the lowest impact on the number of intermediate stops in respondents’ evacuation tour. It
should also be noted that since comparing the marginal effects of binary variables with continuous
covariates is unreasonable, only binary variables are compared in this figure.

The estimation results also indicate that several socio-demographic indicators affect all the
dependent variables. For example, retired evacuees are more likely to travel to their final
evacuation destination without any intermediate stops as the probability of no-intermediate-stop
tours on average increases by 13.2% for such individuals. This is possibly because retired (and
more generally, older) individuals are more likely to wait to be picked up by their family members
in case the emergency event.

OTwo Stops @One Stop  ®No Stop

Proximity to other family members: less than 5 ﬁ
Proximity to child: less than 5 @
Employment status: retired % S
Government order to evacuate =

Residence: single-family detached house EH

-0.2 -0.15 -0.1 -0.05 0 0.05 0.1 0.15 0.2

Fig 4. Mean and standard deviation of the marginal effects of the categorical variables.

Furthermore, Table 2 reveals that the number of children in the household has a strong impact
on the number of intermediate stops in the evacuation tour. Fig. 5 presents the probability of each
outcome (i.e., number of intermediate stops) with respect to the number of children in the
household. The overall trends are intuitive in that as the number of children in the family increase
the probability of having no intermediate stop decreases; the trend is opposite for the case of two
intermediate stops. On the other hand, the curve of one-intermediate-stop tours peaks in the case
of having one or two children.

More specifically, the average probability that a member of a childless family evacuates
without an intermediate stop is 60.9% whereas this probability reduces by 14.3% for families with
one child. The probability of non-intermediate-stop tours dramatically decreases to 12.7% for the
members of families with four or more children. On the other hand, the probability of having two
intermediate stops escalates in the families with more than three children. This is intuitive because,
in a typical day, children are probably located in different places (e.g., school, daycare, home, etc.)
and parents need to pick them up during emergencies, which increases the number of intermediate
stops in their evacuation tour.
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Fig. 5. Effect of number of children in the household on the probability of outcomes.

Furthermore, it is found that evacuees who have access to a personal vehicle at the time of the
emergency event have longer travel distances, perhaps to pursue other activities such as shopping
or picking up family members in their evacuation tour. On the same note, the results indicate that
members of low-income families have shorter travel distances, which might be because they
mostly rely on transit services for their evacuation (as a result of their lower vehicle ownership)
and thereby cannot pursue other types of activities in their evacuation tour. Further, young
individuals who are between the age of 25 and 35 have higher travel distance and travel time. We
also found that participants who live in single-family houses are more likely to make additional
stops in their evacuation tour. This may be because such houses are mostly located in the suburbs
and are usually associated with high distance and low access to shopping centers and shelters.

Moving to the variables representing the characteristics of the emergency event, the results
reveal that receiving evacuation order from responsible government agencies significantly
increases all dependent variables. Past studies showed that people generally tend to associate the
issuance of evacuation orders with higher risks and thereby, they are more likely to evacuate (see,
for example, Dash (2002); Fu et al. (2006); Golshani et al. (2019); Whitehead et al. (2000)).
Therefore, it is expected that in such situations people plan for intermediate stops in their
evacuation tours (possibly for picking up family members or preparing for a severe hazard), which
ultimately increases the total travel time and distance. On the same note, occurrence of the event
in a proximity of a family member increases the chance that the evacuee will have intermediate
stops in his/her evacuation tour, and ultimately increases total travel time and distance; this is
expected because people tend to pick up (or better to say, save) their family members who are in
high risk areas in no time.



Table 2.

Estimation results of the tour components model.

Variable Parameter t-stat

Number of Intermediate Stops
Constant -1.41%** -5.59
Residence: house 1.91%** 7.36
Order to evacuate 0.39** 2.21
HH child 0.11%** 3.46
Employment: retired -0.43* -1.65
Proximity to child <5 0.55** 1.98
Proximity to other family members < 5 0.41** 2.53
Population Density (log) -0.45** -1.97
U 1.16*** 8.38

Total Distance
Constant 3.55%** 25.73
Order to evacuate 0.26* 1.93
Proximity to respondent < 5 -0.55*** -3.41
HH income: low -0.32** -2.27
Age: 26-35 0.54** 2.19
Vehicle access 0.63*** 8.69
Proximity to other family members < 5 0.76*** 3.45
Number of Intermediate Stops 0.07** 2.52
Oy 1.20*** 26.79

Total Travel Time
Constant 3.94%** 40.12
Order to evacuate 0.21** 1.98
Proximity to respondent < 5 -0.34*** -2.66
HH income: low -0.36*** -3.16
Age: 26-35 0.49** 2.49
Proximity to other family members < 5 0.53*** 3.02
Population Density 0.01*** 2.95
Number of Intermediate Stops 0.09*** 3.81
g, 0.96*** 26.58

Correlation Coefficients
Pros -0.74%** -14.22
Pew -0.21* -1.83
Dev -0.25** -2.22

Model Specification
Number of observations
Log-likelihood at convergence -924.46
Restricted log-likelihood -1376.00

2

p

Note: *Significant at 90%, **significant at 95%, ***significant at 99%

18
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Built-environment factors are also found to be influential in the formation of the evacuation
tour. Table 2 indicates that those who are in areas with high population density at the time of the
emergency event will experience higher travel time, and at the same time, will have fewer
intermediate stops in their evacuation tours. Fig. 6 illustrates how the variation of population
density affects the probability of different alternatives of the number of intermediate stops for an
average respondent in the sample. As presented in the figure, keeping all other variables
unchanged, increasing the population density from 1,000 persons per square mile (areas of sparse
population) to 10,000 persons per square mile (densely populated areas) raises the probability of
non-intermediate-stop evacuation tours by approximately 13%. This is intuitive as locations with
higher population densities will probably become congested during emergency events and thereby
evacuation travel time increases. Consequently, people may avoid unnecessary intermediate stops
in order to save time and reach their evacuation destination at the earliest possible time.

——No Stop —— One Stop Two Stops
100%

80%

60%

40%

20%

Probability of ordered outcomes

0%

0 2000 4000 6000 8000 10000

Population density (persons per square mile)

Fig. 6. Effect of population density of respondents’ location on the probability of outcomes.

Another important finding is the positive sign of the number of intermediate stops in the travel
time and distance models, which indicates that evacuees with higher number of stops have longer
travel time and distance. The statistical significance of this factor in the travel time and distance
models confirms the initial assumption of the endogenous effects of number of stops on the latter
two dependent variables. Furthermore, the negative sign of the correlation coefficients of the joint
structure indicates that the unobserved factors which increase the chance of higher number of
intermediate stops will consequently increase the travel time and distance of the evacuation tour.

To assess the prediction performance of the proposed joint framework, we first calculate the
match rate for the ordered model. This measure estimates the percentage of correctly predicted
alternatives in the held-out sample. The match rate equals 76.32% in this analysis which is a fairly
decent value for such model. With regards to the prediction accuracy of the travel time and travel
distance models, the mean absolute percentage error (MAPE) index is calculated as

% *.[10; — P;|/0;], where 0; is the observed value and P; is the predicted value for observation

i. The MAPE measure for the travel time and distance models are 24.1% and 23.9%, respectively.
In sum, the proposed joint discrete-continuous-continuous model of tour components offers a
reasonable prediction accuracy.

The joint structure was also compared to the independent models in terms of prediction
accuracy. The independent modeling approach results in match rate of 62.7% for the number of
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intermediate stops. The MAPE values for travel time and distance were also estimated as 34.2%
and 28.5%, respectively. These values attest that the joint modeling approach outperforms the
independent models in terms of prediction accuracy.

The rest of this section is devoted to analyzing the type of intermediate stops in the evacuation
tours. As previously mentioned, two separate models (a multinomial logit model and a rank
ordered logit model) are developed for the cases when evacuees plan for one or two intermediate
stops in their evacuation tour. Indeed, once the number of intermediate stops is estimated via the
joint model discussed above, the corresponding outcome determines which model should be called
in the simulation framework to determine the type of those stops.

The results of the models on the type of intermediate stops are presented in Table 3. With
respect to the interpretation of the estimated results, it should be noted that a coefficient with
positive sign in the multinomial logit model indicates that increasing the corresponding variable
raises the probability of selecting that alternative (among the four types of intermediate stops in
the dataset: meeting with family & friends, shop for supplies, pick-up children, and pick-up other
family members). However, a positive sign in the rank ordered model indicates that increasing the
variable raises the probability of ranking the corresponding alternative higher than others.
Furthermore, to better understand the effect of explanatory variables on the stop type, Table 4 is
added to present the average change in probability of selecting an alternative in the case of having
one intermediate stop, and Fig. 7 is added to illustrate the average change in the probability of
sequence of the activity alternatives at intermediate stops in the case of having two intermediate
stops (All possible activity sequences are defined in Table 5).

With respect to the socio-demographic characteristics, Table 3 reveals that in case of having
one intermediate stop, full-time workers are more likely to pick up a family member and less likely
to shop for supplies. This could be because full-time workers have more responsibility in the
household (such as parents) and tend to take care of more critical tasks if they only have one
intermediate stop in their evacuation tour. In case of having two intermediate stops, this variable
is found to have no significant effect on the ordering of stops in the tour. We also found that
respondents who are between the ages of 19 and 25 are more likely to rank meet with family and
friends and shop for supplies above other alternatives. This is consistent with the results of Fig.
7(a) where this variable increases the probability of ranking order 1 (meet with family/friends and
shop for supplies) by 24.3%. This can be inferred as less responsibility of such individuals in the
household.

Further, being member of a large family and presence of at least on child in the family
significantly increase the probability of pick-up child. Indeed, according to Table 4, the probability
of child pick-up increases by 33.2% for household who have at least one child and by 52.6% for
households with more than 3 members. Similar pattern is recognized in the results of the rank
ordered model as Fig.7(a) shows an increase in the probability of higher ranks of either pick-up
child and pick-up other family members by those who live in households with more than 2
members. We also found that living in multi-unit buildings significantly decreases the probability
of “meet with family and friends” and “shop for supplies” possibly due to the urgent need for
evacuation (Golshani et al., 2019).



Table 3
Estimation results of the stop type models.
i One sto Two stops

Variables P P
Param. t-stat Param. t-stat

Meet with family & friends

Constant 2.69*** 3.25 1.20** 1.97

Age: 19-25 3.70** 2.38

Residence: multi-unit residential building -4, 78%** -4.28

Population density (log) 1.32%** 3.01

Shop for supplies

Age: 19-25 2.65* 1.84

Employment: full time -2.04* -1.67

Residence: multi-unit residential building -4,13%** -3.60

Proximity to family members < 5 -1.79** -2.17 -2.25* -1.66

Population density (log) 1.36*** 2.80

Pick-up children

Constant -6.00** -2.37 -4.66%** -3.48

Having a child 6.91*** 3.68

HH size > 2 5.61*** 4.37

HH size >3 8.71%** 3.39

Employment: unemployed 4.32%** 3.54

Severity level: high 3.96*** 2.58 1.48* 1.77

Proximity to child <5 11.10** 2.28 4.03** 2.32

Destination: shelter 3.91*** 3.21

Pick-up other family members

Constant -2.84* -1.74 -2.63** -2.03

Employment: full time 3.28*** 2.61

HH size >2 4.23%** 3.48

Proximity to other family members < 5 2.45%** 2.77

Destination: shelter 1.95** 2.10 2.07** 2.53

Model Specification

Number of Observations 143 54

Log-likelihood at convergence -64.19 -57.74

Restricted log-likelihood -160.40 -141.50

p? 0.60 0.59

Note: *Significant at 90%, **significant at 95%, ***significant at 99%

21
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Table 4
Average marginal effects for the MNL model.

Variable Meet with family Shop for Pigk-up Piqk-up other
and friends supplies children family members
Employment: full time 4.22% -4.68% 0.13% 0.33%
Employment: unemployed -12.94% -0.44% 13.43% -0.05%
Having a child -31.96% -1.08% 33.20% -0.15%
HH size >3 -50.73% -1.58% 52.55% -0.24%
Proximity to child <5 -52.75% -2.32% 55.28% -0.20%
Proximity to other family members < 5 0.27% -1.98% 0.05% 1.65%
Severity: high -10.65% -0.37% 11.05% -0.03%
Destination: shelter -7.14% -0.19% 7.04% 0.29%

Table 5
All possible activity sequences for having two intermediate stops.

ID First stop Second stop

1 Meet with family & friends Shop for supplies

2 Meet with family & friends Pick-up children

3 Meet with family & friends Pick-up other family members
4 Shop for supplies Meet with family & friends

5 Shop for supplies Pick-up children

6 Shop for supplies Pick-up other family members
7 Pick-up children Meet with family & friends

8 Pick-up children Shop for supplies

9 Pick-up children Pick-up other family members

10 Pick-up other family members
11 Pick-up other family members
12 Pick-up other family members

Meet with family & friends
Shop for supplies
Pick-up children

Moving to the factors that represent characteristics of the emergency event, the results indicate
that having a family member in a close proximity of the event’s location increases the chance of
pick-up children or other family members by 55.28% and 1.65%, respectively, for those with only
one stop in their evacuation tour. On the same note, for evacuees with two intermediate stops, Fig.
7(b) suggests that probability of ranking pick-up children or other family members above other
alternatives increases in these situations. Furthermore, we found that severity level of the event
significantly affects the type of intermediate stop(s) in the evacuation tour. Per results, respondents
with only one stop in their evacuation tour are more likely to pick-up their children in the case of
an event with high severity. Fig. 7(b) exhibits the same pattern in the case of two stops. We found
that generally those ranking orders with pick-up children as the first or second stop (i.e., 2,5, 7, 8,
9, and 12) have higher chances of being selected.

As the only built-environment variable that was found to be significant in the stop type model,
population density has a positive effect on the probability of shop for supplies and meet with family
and friends. We also found that the outcomes of the previously determined evacuation attributes
significantly affect the decision on the type of intermediate stop. Table 3 reveals that if the final
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destination of the evacuation tour is determined as shelter, the corresponding binary indicator
positively affects the probability of picking up children and other family members within the
evacuation tour. This is expected as previous studies have shown that evacuees tend to go to
shelters in case of more severe events (Sadri et al., 2013; Smitherman and Soloway-Simon, 2002),
in which they are more concerned about saving their family members. According to Table 4, this
variable increases the probability of pick-up children and other family members by 7.0% and 0.3%
for respondents with only one intermediate stop in their tour. Similarly, for those with two
intermediate stops, selecting shelter as the final destination would result in ranking pick-up family
members above others.
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Fig. 7. Average marginal effects for various ranking orders.
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7. Conclusions

This study employs an internet-based stated preference survey conducted in the Chicago
metropolitan area to analyze individuals’ evacuation behavior. First, we present the overview of a
disaggregate evacuation demand model which is compatible with the ADAPTS activity-based
framework. The model is designed to be placed before the activity execution step of the ADAPTS
framework and is called once an emergency event occurs. It models the evacuation behavior in
four steps of evacuation decision, evacuation planning, tour formation, and schedule update.

This study specifically focuses on the tour formation phase of the proposed evacuation demand
framework which comprises two steps. First, three components of the evacuation tour (i.e., number
of stops, travel time, and travel distance) are estimated via an advanced joint ordered-continuous-
continuous model. The results indicate that a wide range of demographic (e.g., age, housing type,
and employment status), land-use (e.g., population density), and characteristics of the event (e.g.,
government order and event severity level) affects evacuees’ decision behavior during no-notice
emergency events. Interestingly, we found that the number of intermediate stops has an
endogenous effect on the travel time and distance decisions, which indicates that tours with a
higher number of stops are associated with higher travel time and distance. Furthermore,
significance of the correlation parameters confirms the existence of the shared unobserved factors
that affect all components, which entails the application of the joint modeling approach.

In the next step, the type of the intermediate stops in the evacuation tour is determined by
considering the estimated number of stops from the tour component model. For those with only
one stop in their tour, an MNL model is developed to determine the probability for each stop type
(meeting with family & friends, shop for supplies, pick-up children, and pick-up other family
members). For those with more than one stop in their tour, a variation of the rank-ordered logit
model is utilized that simultaneously determines the type and ordering of the intermediate stops.

The findings are specifically useful to account for the additional trips that people make during
the evacuation procedures which are sometimes in the opposite direction of the evacuation plans.
The final objective is to reduce the number of fatalities and economic damage during emergencies
through creating effective policies, which should direct individuals’ decision in favor of the most
useful information against other factors that they consider.

One of the major limitations of this study is the limited number of observations that may lead
to restricting the variations of decision variables, and introduce bias into the estimated coefficients.
Therefore, the estimation results and their interpretations are limited to our dataset. Future research
can further enhance the results of this study by collecting more data points with RP and SP surveys.
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