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A B S T R A C T   

Evacuation traffic management has been implemented in large-scale disaster evacuations (such as hurricanes) to 
facilitate traffic flow and reduce travel delay. The outcomes of these strategies were quantified via traffic 
simulation but were assumed to have no/limited impacts on households’ evacuation-related decisions. This study 
analyzed and modeled the impact of these strategies on five evacuation related household choices (evacuate/ 
stay, departure time, route, vehicle, and destination) separately based on 415 responses collected from a stated 
preference survey. The survey was conducted in 2017 in coastal areas near Hampton Roads. Traffic management 
is likely to motivate some (32%) households to evacuate instead of sheltering in place. In addition, not all 
households take the interstates with traffic management even though route choice is the most likely to be 
affected by traffic management. Households need more information for their departure time and destination 
choices in response to traffic management since they are more likely to feel uncertain of the impact of the 
strategies on these decisions. Such uncertainty in departure time and destination choice is especially true for 
those who evacuate late and for those who choose accommodations other than the home of friends/relatives. 
Emergency management agencies should also be aware that some households may intentionally depart before 
traffic management starts. Among the five choices, vehicle use is the choice that is least likely to be affected. All 
the above-mentioned findings potentially affect parameter specifications in evacuation traffic simulation studies. 
This study then used multinomial logit models to estimate the impacts of traffic management on each of the five 
evacuation related choices. The model estimation results can help improve evacuation demand predictions and 
guide evacuation information dissemination.   

1. Introduction 

During hurricane evacuations, transportation agencies implement 
traffic management strategies to facilitate the movement of the popu
lation away from coastal areas at risk. Contraflow (i.e., reversing the 
traffic direction of inbound lanes) and EvacuLanes (i.e., using shoulders 
in the outbound direction), typically implemented on limited access 
roadways, add extra outbound capacity to the highway system. Ramp 
closures can help smooth traffic flow, control access to contraflow fa
cilities, and prevent evacuation traffic’s access to dangerous areas [1]. 
On other roadway functional classes, evacuation traffic management 
strategies include: 1) implementing road closure to keep people out of 
hazardous areas and limit through traffic; 2) changing signal timing 

plans at intersections to help increase outbound travel capacity; and 3) 
using manual (police) control at intersections to help regulate the traffic 
and reduce conflict points [1]. Crossing elimination, removing some 
intersection movements, also reduces conflict points. These operations 
have been publicized over two decades [2]. Households are expected to 
have different reactions to traffic management strategies implemented 
during hurricane evacuation, like they do to many other emergency 
management decisions (such as issuing an evacuation order). Some 
members of the public even have concerns about evacuation traffic 
management [3]. Major concerns include: traffic management strategies 
may attract more people to evacuate instead of sheltering in place and 
that route, as a consequence of traffic management strategy imple
mentation, may attract more traffic [2,3]. If these concerns are realized, 
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evacuees may experience more congestion and longer travel times due 
to the increased demand and route selection. 

So far, the evaluation of evacuation traffic management strategies 
has largely been based on total evacuation time or network clearance 
time, which assumed evacuation demands do not change and/or applied 
shortest path routing strategies in traffic simulation [4]. Traffic simu
lation study results showed that evacuation traffic management strate
gies increase road capacity and shorten total evacuation time [1,3,4]. 
However, evacuation behavioral studies have not fully addressed the 
question of whether/how traffic management strategies affect evacuees 
and their evacuation-related choices. To explore these effects, this paper 
studied and modeled (with a multinomial logit formulation) household 
responses to the implemented traffic management strategies in a hypo
thetical Category Four hurricane evacuation scenario. The data was 
collected from a mail-based behavioral intention survey receiving 415 
eligible responses from households living in the Hampton Roads, VA 
area in 2017. More details about the survey are presented in Section 3. 

The rest of the paper is organized as follows. Section 2 presents a 
review of studies that examine evacuation traffic management strategies 
and common factors considered in modeling household evacuation- 
related choices in general. Section 3 describes the household survey 
conducted in the Hampton Roads area and statistically analyzes 
household responses to traffic management strategies. Section 4 pre
sents modeling results with parameter interpretations and discussions. 
The last section provides conclusions and future directions. 

2. Literature review 

2.1. Quantification of the impacts of traffic management via simulations 

Traffic and transportation engineers became more involved in 
evacuation studies since Hurricane Floyd (1999) because of the heavy 
traffic jam that occurred during the evacuation [2,5]. Traffic manage
ment strategies were expected to alleviate the situation but few states in 
the U.S. had a traffic management plan for hurricane evacuation at that 
time [2]. Since then, researchers have been striving to propose, evaluate, 
and improve evacuation traffic management plans by quantifying their 
effectiveness for different storm scenarios and/or implementation con
figurations [6–10]. 

However, there are limitations to the previous simulations. First, the 
routing algorithms embedded in the simulation tools are typically based 
on a form of optimality that assumes drivers are fully aware of the traffic 
conditions on all available paths [11,12]. Traffic volume thus generally 
increases on routes with contraflow implementation [6]. Alternatively, 
evacuees have been assumed to follow prescribed evacuation routes. 
However, some drivers were found not to comply with evacuation route 
recommendations [13], while some others preferred taking an interstate 
route despite its congestion [5]. Fang and Edara illustrated the differ
ences in evacuation performance estimates resulting from user equilib
rium and system optimal route choice assumptions [14]. Some later 
simulation studies began to incorporate additional parameters, such as 
the percentage of drivers knowing the traffic condition and their 
compliance towards evacuation instructions [15]. Some behavioral 
studies investigated factors that could potentially affect route choice 
behavior. Lindell et al. found evacuees based their route choices on their 
familiarity and prior perceptions (about travel time, safety, and conve
nience) of routes [16]. Wu et al. suggested evacuees based their route 
choices on their past experiences, en-route traffic conditions, and route 
recommendations (from media and authorities) [17]. Assuming evac
uees exclusively rely on any one of these factors will lead to inaccurate 
findings [17]. Based on this finding, traffic management strategies are 
highly likely to affect evacuees’ route choices because the strategies 
would influence traffic conditions and route recommendations. With 
behavioral data, a step beyond setting up driver group percentages in 
traffic simulation is to have models predict route choice behavior at a 
disaggregate level. Chang et al. considered evacuation experience, 

expected travel time to the destination, and willingness to use the rec
ommended route in modeling household interstate choice behavior 
[18]. The three factors all increased the likelihood for households to take 
interstates. While enroute, length of delay and alternate route infor
mation (medium and content) in response to evacuation congestion 
could encourage route changes [19]. However, these considerations 
only account for the general travel time effects of congestion and do not 
explicitly account for the direct effects of traffic management strategies 
on route selection. 

Second, evacuation traffic simulation studies seldom considered 
whether and how the implemented traffic management strategies could 
influence other choices in household evacuation plans. For example, 
past evacuation traffic simulation studies implicitly assumed that 
implementing traffic management strategies would not affect the total 
evacuation demand. Thus, with capacity added from contraflow lanes, 
implementing contraflow on certain routes generally improves travel 
speed and shortens travel time [8]. Besides route choice [18,20–22], 
household evacuation plans also involve the following choices. The 
evacuate/stay decision governs whether a household will leave the area 
[23–26]. Accommodation choice indicates the type of facility where the 
evacuees will stay [27,28], while destination indicates the location (e.g., 
city) of the accommodations [29,30]. The travel to these destinations is 
based on travel mode [31,32] and the number of vehicles for households 
who travel by personal vehicle [33,34]. When these trips begin is based 
on households’ choices of departure time [35,36]. The most notable 
influence from authorities on household evacuation plans perhaps is 
whether a mandatory evacuation order is issued [37]. This factor was 
considered by most household evacuate/stay models. Households’ re
sponses to a given mandatory evacuation order are also consistent in 
both hypothetical and actual cases. Likewise, households may react to 
traffic management strategies implemented by authorities. Knowing 
that such strategies are being implemented could shape risk perceptions 
by providing cues that others are taking the hurricane threat seriously. 
Some households may update their evacuation plans accordingly. 
Household evacuation plan updates in turn affect traffic loadings onto 
the road network and thus affect evacuation traffic simulation results. 
However, this topic has not been explored yet by evacuation traffic 
simulation studies. 

Lastly, the major metric used in evaluating the impacts of alternative 
evacuation traffic management strategies is the system-wide network 
clearance time. If travel time is not the only factor considered by 
households in making evacuation-related decisions, travel time should 
not be the only metric in evaluating the impacts of evacuation traffic 
management strategies. The percentage of households who are likely to 
be affected by traffic management strategies and the amount of time or 
expense households would lose from changing their evacuation plans 
are factors worth investigating. 

2.2. Factors affecting household evacuation-related choices 

As stated in the previous section, past studies have not looked into 
modeling the influence of traffic management strategies on household 
evacuation-related choices. This section provides a broader review – 
discussing common factors considered in modeling household 
evacuation-related choices in general (i.e., without taking traffic man
agement influence into consideration). This section only provides rela
tively brief discussions in considering the numerous studies 
investigating each of the evacuation-related choices. Readers are 
encouraged to refer to past review studies for more thorough discussions 
[1,4,12,24,25,37]. 

2.2.1. Risk, perception, and past experience 
Risk factors (such as the storm category and the storm’s distance 

from one’s residence) objectively reflect the characteristics of an 
approaching storm. Risk factors are outstanding predictors in estimating 
household evacuation-related choices [5,16,23]. The stronger a storm 
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and the closer its proximity, the more likely that households will evac
uate and depart earlier before the storm landfall. 

Perceptions reflect households’ subjective interpretations to an 
approaching threat and other information they received. Lindell and 
Perry’s Protective Action Decision Model classified perceptions into 
three types – risk perceptions, protective action perceptions, and 
stakeholder perceptions [38,39]. Risk perceptions describe how house
holds perceive the characteristics of an approaching threat. Protective 
action perceptions describe how households perceive the characteristics 
of a protective action: its effectiveness, cost, required knowledge, etc. 
Stakeholder perceptions refer to how households perceive the charac
teristics of stakeholders (such as authorities and news media): their 
expertise, trustworthiness, and protection responsibility. In Lindell and 
Perry’s PADM [38], these three perceptions are not mathematically 
combined but rather are part of individuals’ mental models and are 
considered the perceptions that form the foundation for a behavioral 
response when combined with situational impediments and facilitators. 

Past experiences affect households’ perceptions and/or attitudes 
towards a threat [40]. Factors reflecting past experiences take various 
forms. Measurement of experience may be as simple as whether a 
household experienced a storm or evacuated before. It may include 
experience details, such as unnecessary evacuation [41], travel delay 
[42], and experiencing injury/death [43]. Measurements may also 
involve the recency and frequency of the experience, such as the last 
time a household experienced a storm and the number of their storm/ 
evacuation experiences [43]. However, some studies found that expe
rience variables had a moderately consistent nonsignificant effect on 
evacuation related choices [25]. 

2.2.2. Social, economic, and demographic factors 
Social, economic, and demographic factors are relatively weaker 

predictors compared to risk and risk perception factors [23,25]. Social, 
economic, and demographic factors were also reported as having 
inconsistent significance and parameter signs by past studies [37]. 
However, some past studies suggested that these factors seem to be more 
consistently related to the psychological variables that predict evacua
tion choices (i.e., indirect effects) [44,45]. This section presents vari
ables that were typically considered and common explanations for these 
variables. 

Social factors (such as household size and housing tenure) reflect 
how closely households may connect with local communities, which 
facilitates their abilities to understand an approaching hazard and 
acquiring additional information or resources [46,47]. 

Economic factors (such as income, education level, and home 
ownership) reflect the resources a household owns to facilitate their 
evacuation. For example, compared with lower income households, 
households who earn higher income were more likely to evacuate [48], 
more likely to evacuate earlier before a storm landfall [35], more likely 
to take a taxi instead of using other public modes [32], and more likely 
to evacuate to hotels/motels [31]. However, resource ownership could 
be impediments preventing households from evacuation due to resource 
protection concerns, such as protecting owned houses from storm im
pacts [49]. 

Demographic factors (such as age, gender, and ethnicity) were 
considered as proxies for hidden factors. For example, elderly in
dividuals were considered less likely to evacuate because of physical 
impairments and medical conditions [50]; females were considered 
more likely to evacuate because of care-giving roles and greater risk 
perceptions [51]; minority groups were considered less likely to evac
uate because of language barriers and limited social contacts [52]. 

There are some other factors reflecting household characteristics, 
such as the presence of children, disabled persons, or pets. These factors 
were tested and included in past modeling works because of households’ 
safety concerns for children [50], longer mobilization times and trans
portation challenges [53], and accommodation challenges [16]. 

3. Survey and data descriptions 

A survey was distributed to 2500 randomly selected households 
living in the Hampton Roads, VA area in 2017. The survey sample was 
purchased from Genesys, a branch of the Marketing Systems Group, 
which uses the U.S. Postal Service’s address database system to select 
random addresses for research purposes. Respondents had to be at least 
18 years old to participate in the survey. The survey was distributed by 
following the Dillman procedures to achieve a higher survey response 
rate: deploying respondent-friendly surveys, making four contacts 
through first-class mail, using stamped return envelopes, applying 
personalization of correspondence, and preparing prepaid financial in
centives [54]. The research team conducted several rounds of focus 
group and pilot survey testing to ensure that the questions were easily 
understandable. Additionally, the survey involved five contacts via mail. 
An initial contact postcard was mailed out indicating that participation 
in a scientific research study was being requested. One week after the 
postcards were sent, the first wave of surveys was mailed out including a 
one-dollar bill incentive and a stamped return envelope. Two weeks 
later, a second wave of surveys was mailed out and a final, third wave 
was sent out two weeks after that. Two weeks after the third wave, a 
final reminder postcard was sent. To ensure personalization, the survey 
began with a note from the project’s principal investigators. The total 
sample size (n) for the survey was 415 and corresponded to a 19% 
response rate; a cooperation rate of 96%; a refusal rate of 1%; and a 
contact rate of 20%. 

Survey questions were presented in blocks in the following order: 1) 
risk perceptions and past experiences, 2) evacuation-related choices 
made in a hypothetical Category Four hurricane scenario with a 
mandatory evacuation order issued (called “initial decisions” in the 
following text), 3) responses to traffic management strategies to be 
implemented in the described scenario, and 4) household socio- 
demographic characteristics. 

3.1. Household characteristics 

Table 1 shows descriptions of variables included in the final models. 
Some major findings from the survey responses are summarized below. 
About 75% of the respondents thought they would be impacted by a 
storm in five years. If a hurricane were to impact them, 90% of the re
spondents thought they were likely to experience property damage and 
8% thought they were likely to experience injury/death. Regarding their 
prior experience, 58% faced property damage while a few of them (3%) 
suffered injury to self and/or injury or death of a friend or relative. The 
percentage of respondents who chose to stay when evacuation was 
recommended in a previous storm was 27%. Some highlights in the 
demographic profiles of respondents showed that 1) the average age of 
all respondents was around 58 years old; 2) the average length of resi
dence in the Hampton Roads area was 33 years; 3) the gender discrep
ancy of respondents was not large (54% of them were male); 4) only 
10% of them were single; 5) 51% of them had a pet; and 6) the average 
household size and the average household vehicle ownership were both 
over two but the average number of drivers was less than two, which 
meant some households may have to leave some of their vehicles behind 
during evacuation. Other interesting findings included: 1) 91% of the 
respondents claimed they had an evacuation plan; 2) the average ex
pected length of evacuation travel delay was about four hours; 3) 52% of 
respondents would choose to evacuate during daytime (6 am to 6 pm); 
and 4) only 9% of the respondents thought the government had more 
responsibility (than the household) to ensure people have the resources 
to evacuate. 

Survey data were weighted to improve the representativeness of 
survey respondents in the population. According to the responses, 41% 
of the households had a household member over age 65, 1.3% of them 
did not own any vehicles, and 88.4% of them owned their homes. 
However, data from the 2017 American Community Survey (ACS) 
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showed that the corresponding percentages with margins of error were 
25.3 ± 0.86%, 6.9 ± 1.12%, and 60.1 ± 1.79% for the study area [55]. 
Therefore, household observations were weighted by the three variables 
through a raking process to reduce bias [56]. Three variables were used 
because they are household demographics with low correlation and 
fewer missing values, which met the requirements of selecting weighting 
variables and helped retain as many observations as possible. The raking 
process adjusts cell counts so that marginal totals match control totals 
[57]. Then additional tests were conducted to find out whether the 
raking process successfully reduced bias in the samples. First, the 
average household income was $101,261 before raking and $88,213 
after raking. According to the 2017 ACS, the average household income 
in the study area was $82,248 [55]. Therefore, the raking process helped 
bring the sample mean closer to the population mean. Second, another 
two variables (i.e., marital status and ethnicity) were used to measure 
the percentage of bias reduction in categorical variables. The raking 
process reduced the sample bias by 10%. The process of weighting ad
justs samples to match the population so that decisions made by people 
who are under-represented (because of low participation rates) in the 
sample can be better predicted by the estimated models [57]. 

3.2. Responses to traffic management 

The survey requested that respondents “… imagine that the state 
transportation agency has announced that it will use various emergency 
measures to increase the number of cars that can travel on the interstate 
highways for the evacuation.” Here “emergency measures” technically 
refer to traffic management strategies. The survey continued with five 
questions intended to explore what, if any, effect knowing that trans
portation agencies were acting might have on behavioral intentions. The 
following subsections discuss responses to each of these questions. In 
each subsection, responses were first discussed without introducing 
other factors. Then, as shown in Table 2, responses were broken down by 
related decisions that respondents made before reading the set of traffic 
management impact questions (i.e., “initial decisions”). 

3.2.1. “How would this influence the likelihood that you will evacuate?” 
According to the responses summarized in Table 2, traffic manage

ment strategies would encourage more than half (58%, N = 400) of the 
households to evacuate. Only 5% (N = 400) stated they would be less 
likely to evacuate. 

When segmenting the data by respondents’ previously stated choice 
to evacuate/stay, the management strategies seemed to reinforce the 
choice to evacuate (see Table 2). Meanwhile, those who chose to stay 
were more likely to find traffic management strategies had no influence 
on their stay decisions. Implementing traffic management strategies was 
likely to motivate some people to evacuate instead of sheltering in place 
(32%, N = 32). 

3.2.2. “How would this influence the time that you would begin your 
evacuation?” 

It is somewhat surprising that 38% (N = 399) of the respondents 
stated they would begin their evacuation before traffic management 
strategy implementation and only 11% (N = 399) wanted to evacuate 
after traffic management strategy implementation. A possible explana
tion is that early-evacuating respondents thought that the traffic man
agement strategy implementation would introduce uncertainty into 
their evacuation process; they would prefer to avoid that uncertainty 
and leave before its implementation. In addition, the percentage of re
spondents who felt uncertain about how the strategies would influence 
their departure times is the second largest when compared with their 
responses to the other evacuation plan adaptations in the presence of 
traffic management strategies (see the first column from the right-hand- 
side in Table 2). 

Segmenting respondents by the departure day they chose prior to 
learning that traffic management strategies would be implemented (i.e., 
3+ days, 2 days, or 1 day before the storm landfall), the percentage of 
respondents beginning their evacuation before traffic management 
strategies are implemented decreased as time passed (i.e., 55% vs. 38% 
or 33%). Those who expected to leave 3+ days before landfall are the 
most risk averse and thus the most inclined to leave still earlier as shown 
in the table. In contrast, the likelihood of beginning evacuation after the 
traffic management strategy is implemented increased in general (i.e., 
9% or 8% vs. 18%). That is, those who chose to evacuate early tended to 
leave earlier and those who chose to evacuate late tended to leave later, 
with respect to the strategy. 

3.2.3. “How would this influence the likelihood that you will use the 
interstate highways to evacuate?” 

More respondents (66%, N = 401) stated they were more likely to use 
the interstate highways. Twenty-four percent of respondents stated that 
the implemented strategies would not affect their use of interstate 
highways. 

Segmenting respondents by their previous route choices (i.e., in
terstates or other routes), traffic management strategies motivated some 
(58%, N = 129) non-interstate users to take the interstates. However, 
31% (N = 129) of the non-interstate users stated traffic management 
strategies would have no influence on their route choices. 

3.2.4. “How would this influence the number of vehicles your household 
would use?” 

As shown in Table 2, traffic management strategies were anticipated 
to have little effect on the number of vehicles evacuees would use. 

Segmenting respondents by their previous vehicle choices (i.e., 1 or 
2+ vehicles), respondents who chose two or more vehicles were more 
likely to use more vehicles (17%, N = 119) when traffic management 
strategies are implemented than those who chose one vehicle (3%, N =
210). 

3.2.5. “How would this influence your choice of evacuation destination?” 
The majority of respondents (67%, N = 399) stated that traffic 

management strategies would not affect their destination choices. 

Table 1 
Variable Descriptions.  

Variable No. of 
observations 

Range Mean Std. 
Dev 

Risk perceptions and past experiences 
Perception of injury/death (1 =

likely to experience injury/ 
death in a storm) 

313 [0,1] 0.08 0.27 

Expected travel delay (1 = yes) 336 [0, 1] 0.89 0.30 
Chose to stay when evacuation 

was recommended before (1 
= yes) 

369 [0, 1] 0.27 0.44  

“Initial decisions” made before knowing about traffic management strategy 
implementation 

Departure day (1 = 3+ days 
before) 338 [0, 1] 0.19 0.39 

The number of vehicles taken 
during evacuation 

338 [0,3] 1.35 0.57 

Chose the home of a friend/ 
relative as accommodation (1 
= yes) 

345 [0, 1] 0.53 0.50  

Socio-demographics 
Annual household income (in 

$1000) 357 
[7.5, 
250] 101.26 64.81 

Age (in years) 366 [25, 95] 58.68 14.93 
Pet presence (1 = yes) 368 [0, 1] 0.51 0.50 

Distance to the coast (in miles) 378 [0.03, 
37.09] 

7.72 5.55 

Have a 4-year college degree or 
above (1 = yes) 378 [0, 1] 0.51 0.50 

White (1 = yes) 382 [0, 1] 0.77 0.41  
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However, a considerable percentage of respondents (24%, N = 399) felt 
uncertain about how the strategies would influence their destination 
choices in this situation. The percentage of respondents who felt un
certain about the influence on destination choice was the largest of the 
evacuation plan elements examined. 

If their previous accommodation choices are considered, 82% (N =
182) of the respondents going to the homes of friends/relatives stated 
that they would not change their destination choices in the presence of 
traffic management strategies. The percentage is only 57% (N = 150) for 
those choosing other accommodations, suggesting hotel/motel and 
public shelter users are relatively less attached to a specific destination. 
In addition, they were less certain how the implemented strategies 
would influence their destination choices (i.e., 32%, N = 150). This 
suggests that hotel/motel and public shelter users’ travel would need 
more information to assist their decisions in this situation. 

4. Modeling results and discussions 

Whether traffic management strategies influence household evacu
ation related decisions or not can be estimated by logit models. The 
number of alternatives in each choice is more than two so multinomial 
logit (MNL) models were used. The ordered logit models and random 
parameters multinomial logit (RPL) models (i.e., mixed logit models) 
were also tested during the estimation but were found inferior to models 
presented in this section. 

Table 3 presents the model estimation results. A model may have a 
different number of alternatives than that shown in Table 2. This is 
because the alternative “Uncertain” sometimes does not have enough 
observations to produce reliable model estimation results. In such cases, 

the alternative was left out of the model estimation process. In addition, 
the alternative “Uncertain” was considered in the modeling process 
because recent studies showed that information uncertainty could affect 
evacuation choice behavior [58,59]. Modeling “Uncertain” under the 
current study topic indicates who is likely to need additional informa
tion for their decisions. 

Models were estimated using NLOGIT6 [60]. The number of obser
vations used in each final model was different because each selected 
independent variable may have a different number of missing values. 
For all of the variables, the estimated parameters are significantly 
different from zero at a confidence level of 99% (i.e., p-value < .01). 
Marginal effects are presented in the last few columns on the right-hand- 
side. The goodness-of-fit statistics ρ2 are near or above 0.1, which means 
all the estimated models fit the data well. Correlations among all the 
independent and dependent variables are presented in Table 4. 

As noted in Table 2, 310 out of the 342 (= 91%) respondents chose to 
evacuate before they read the set of traffic management strategy impact 
questions. Taking missing values into consideration, the modeling re
sults reflect how evacuees change their previous decisions in the pres
ence of evacuation traffic management. The following parameter 
interpretations and discussions are based on this point. 

4.1. Risk perceptions and past experiences 

Evacuees with injury/death perceptions (i.e., who think they are 
likely to experience injury/death in a storm) are more likely to evacuate, 
to leave before traffic management strategy implementation, to take the 
interstates, and to choose a different destination in the presence of traffic 
management strategies. According to the Protective Action Decision 

Table 2 
Responses to Traffic Management with Segmentation by “Initial decisions”. 

(Note: ‘na’ means not applicable. Percentages on each row add up to 100%. Values in bold are outstanding numbers 
explained in the texts. Shaded cells present responses without segmentation.) 
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Table 3 
Modeling Results of Traffic Management Impacts on Different Choices.  

Evacuate/stay (N = 245; LL(0)= − 207.7; LL(β̂)= − 187.5; pseudo ρ2= 0.10) 

Alternative Variable Coeffi- 
cient 

Std. 
error 

z- 
value 

p- 
value 

Marginal effects 

More likely to 
evacuate 

Less likely to 
evacuate 

No 
influence 

More likely to evacuate 
(155; 63%) 

Constant − 0.81 0.54 − 1.51 0.13 (na) (na) (na) 
Perception of injury/death (1 = likely to 
experience injury/death in a storm) 

1.60*** 0.38 4.13 0.00 0.32 − 0.05 − 0.26 

Less likely to evacuate 
(12; 5%) Annual household income (in $1000) − 0.02*** 0.00 − 3.19 0.00 0.80E-3 − 1.30E-3 0.50E-3 

No influence (78; 32%) 
Constant − 0.53 0.44 − 1.19 0.23 (na) (na) (na) 
Departure day (1 = 3+ days before) 0.93*** 0.34 2.74 0.00 − 0.15 − 0.01 0.17   

Departure time (N = 251; LL(0)= − 298.0; LL(β̂)= − 270.2; pseudo ρ2= 0.09) 

Alternative Variable Coeffi- 
cient 

Std. 
error 

z- 
value 

p- 
value 

Marginal effects 

…leave 
before 

…leave 
after 

No 
influence 

Uncertain 

More likely to leave 
before (96; 38%) 

Constant − 2.24*** 0.67 − 3.35 0.00 (na) (na) (na) (na) 
Departure day (1 = 3+ days before) 1.34*** 0.34 3.88 0.00 0.27 − 0.03 − 0.18 − 0.05 
Age (in years) 0.03*** 0.00 3.87 0.00 7.80E-3 − 0.90E-3 − 5.40E-3 − 1.50E-3 

More likely to leave after 
(29; 12%) 

Constant − 2.26*** 0.58 − 3.86 0.00 (na) (na) (na) (na) 
Pet presence (1 = yes) 1.36*** 0.57 2.38 0.01 − 0.03 0.09 − 0.04 − 0.01 

No influence (97; 39%) 
Constant 0.51 0.33 1.55 0.12 (na) (na) (na) (na) 
Perception of injury/death (1 = likely to 
experience injury/death in a storm) 

− 1.73*** 0.60 − 2.85 0.00 0.24 0.06 − 0.38 0.08 

Uncertain (29; 11%) Distance to the coast (in miles) − 0.13*** 0.05 − 2.74 0.00 0.01 0.00 0.01 − 0.01   

Interstate use (N = 226; LL(0)= − 185.1; LL(β̂)= − 162.3; pseudo ρ2= 0.12) 

Alternative Variable Coeffi- 
cient 

Std. 
error 

z- 
value 

p- 
value 

Marginal effects 

More likely 
to… 

Less likely 
to… 

No 
influence 

More likely to use the 
interstate (159; 70%) 

Constant − 0.27 0.55 − 0.50 0.61 (na) (na) (na) 
Perception of injury/death (1 = likely to 
experience injury/death in a storm) 1.23*** 0.41 2.95 0.00 0.23 − 0.06 − 0.16 

Less likely to use the interstate 
(13; 6%) Expected travel delay (1 = yes) − 1.61*** 0.58 − 2.76 0.00 0.09 − 0.12 0.03 

No influence (54; 24%) 
Constant 3.51E-3 0.52 0.01 0.99 (na) (na) (na) 
Departure day (1 = 3+ days before) 1.40*** 0.38 3.67 0.00 − 0.19 − 0.02 0.22 
Have a 4-year college degree or above (1 = yes) − 1.25*** 0.34 − 3.65 0.00 0.17 0.02 − 0.19   

Vehicle use (N = 266; LL(0)= − 188.2; LL(β̂)= − 167.5; pseudo ρ2= 0.11) 

Alternative Variable Coeffi- 
cient 

Std. 
error 

z- 
value 

p- 
value 

Marginal effects 

Use more 
vehicles 

Use fewer 
vehicles 

No 
influence 

Uncertain 

Use more vehicles 
(19; 7%) 

Constant − 1.27 0.82 − 1.54 0.12 (na) (na) (na) (na) 
The number of vehicles taken during 
evacuation 1.06*** 0.39 2.67 0.00 4.99E-2 − 0.50E-2 − 4.16E-2 − 0.33E-2 

Use fewer vehicles 
(22; 8%) 

Constant 0.71* 0.40 1.75 0.08 (na) (na) (na) (na) 

No influence (208; 
78%) 

Constant 2.16*** 0.41 5.28 0.00 (na) (na) (na) (na) 
White (1 = yes) 1.36*** 0.34 3.99 0.00 − 0.05 − 0.07 0.17 − 0.04 

Uncertain (17; 7%) 
Perception of injury/death (1 = likely to 
experience injury/death in a storm) 1.72*** 0.56 3.05 0.00 − 0.01 − 0.01 − 0.06 0.07   

Destination choice (N = 267; LL(0)= − 223.8; LL(β̂)= − 198.8; pseudo ρ2= 0.11) 

Alternative Variable Coeffi- 
cient 

Std. 
error 

z- 
value 

p- 
value 

Marginal effects 

More likely 
to… 

No 
influence 

Uncertain 

More likely to choose a different 
destination (22; 8%) 

Constant − 0.32 0.67 − 0.48 0.63 (na) (na) (na) 
Chose to stay when evacuation was recommended 
before (1 = yes) 

1.69*** 0.53 3.19 0.00 0.10 − 0.07 − 0.03 

(continued on next page) 

R. Bian et al.                                                                                                                                                                                                                                     



Progress in Disaster Science 15 (2022) 100246

7

Model (PADM), households with greater risk perceptions are more likely 
to take actions to protect themselves [38]. First, traffic management 
strategies are implemented to facilitate more (and faster) evacuation 
trips out of the risk area. Hearing traffic management strategy imple
mentation, evacuees who think they are likely to experience injury/ 
death in a storm may become more likely to take actions and leave the 
risk area. Second, these evacuees might leave earlier (even before the 
traffic management strategy is implemented) because they are uncertain 
about the effect of the traffic management strategy. For example, con
traflow plans may force some vehicles to travel much farther than the 
most direct route to their intended destination, so people might be 
concerned that it would be a potential evacuation impediment. In 
addition, evacuees who think they are likely to experience injury/death 
in a storm are also likely to feel uncertain about how the presence of 
traffic management strategies influences the number of vehicles to 
bring. 

Evacuees who expected travel delay to occur during evacuation are 
more likely to take interstates when traffic management strategies are 
applied to the interstates or simply find that traffic management has no 
influence on their route choice. They are also less likely to choose a 
different destination in the presence of traffic management strategies. 

Evacuees who chose to stay when evacuation was recommended in a 
previous storm are more likely to choose a different destination when 
traffic management strategies are implemented compared to their 
original decisions without knowing about the strategy implementation. 
As shown in the survey data, their risk perceptions (to property damage 
or injury/death) are lower than those who chose to evacuate in previous 
situations. With information on traffic management strategies and other 
social cues, they might perceive higher risk leading them to choose a 
farther inland destination (or other safer places). 

4.2. “Initial decisions” made before knowing about traffic management 
strategy implementation 

Evacuees who choose to leave three or more days before storm 
landfall are more likely to pay little heed to traffic management strate
gies when making their evacuate/stay and interstate use choices. 
Meanwhile, they are more likely to leave before the traffic management 
implementation. All the findings together suggest that this portion of 
evacuees tends to leave even earlier to avoid encountering the traffic 
management strategy. The average distance of these respondents’ resi
dences to water areas is 0.78 times that of those who evacuate later. The 
described scenario with traffic management may increase their risk 
perceptions. Environmental cues plus social cues could encourage them 
to take earlier protective actions in our hypothetical scenario. 

Evacuees who choose to take more vehicles with them are more 
likely to use more vehicles when traffic management strategies are 
implemented. Taking more vehicles before knowing about the strategies 
indicates they own more vehicles. Traffic management strategies facil
itate traffic flow on the road, which may encourage them to bring even 

more vehicles out of the risk area. 
Evacuees who choose a friend/relative’s home as their accommo

dation are more likely to find traffic management has no influence on 
their destination choices. As shown in Table 2, they are more likely than 
hotel/motel users to feel no influence on their destination choices. The 
home of a friend/relative is located in a certain place, but hotel/motel 
resources are scattered in different places. 

4.3. Socio-demographics 

Evacuees with higher household income are less likely to stay in the 
presence of traffic management strategies. One potential explanation is 
that a respondent with higher household income has more monetary 
resources to facilitate their evacuation trips and lodging [61]. Evacuees 
with a higher education degree (i.e., 4-year college or above) are much 
more likely to use the interstate when a traffic management strategy is 
implemented on these types of roads (see marginal effects in Table 3). 
White respondents are more likely to find traffic management has no 
influence on their vehicle use choice. The average vehicle ownership 
rate of White respondents in our sample (i.e., 2.1) is slightly higher than 
that of the other race groups (i.e., 2.0). More research is needed to 
determine if the findings related to education level and ethnicity can be 
replicated and, if so, the explanations for them. 

Older evacuees are more likely to leave before the traffic manage
ment implementation. Older evacuees may have shorter evacuation 
mobilization time [62], which enables them to leave early. 

Evacuees who have pets are more likely to leave after the traffic 
management strategy implementation. The amount of mobilization time 
they need and their anticipation of better traffic conditions to facilitate 
their travel with pets could be potential explanations. 

Evacuees who live further from the coast are less likely to feel un
certain about how their departure time choice would change in the 
presence of traffic management strategies. These evacuees are likely to 
evacuate to closer destinations than those who live closer to the coast 
[17]. Therefore, shorter trips and lower travel delays may make these 
evacuees more certain about what to do in the presence of traffic 
management. 

5. Conclusions 

Based on survey responses, implementing traffic management stra
tegies on interstates to facilitate evacuation is less likely to influence 
households’ destination choices (67%) and vehicle use (76%) when 
compared with their evacuate/stay, departure time, and route choices. 
The strategies are more likely to affect households’ evacuate/stay 
choices (58% are more likely to evacuate and 5% are less likely to do so), 
departure time choices (38% are more likely to evacuate before the 
implementation and 11% are to evacuate afterwards), and route choices 
(66% are more likely to take interstate highways and 6% are less likely 
to do so). Some households are less certain on how strategies may 

Table 3 (continued ) 

Destination choice (N = 267; LL(0)= − 223.8; LL(β̂)= − 198.8; pseudo ρ2= 0.11) 

Alternative Variable Coeffi- 
cient 

Std. 
error 

z- 
value 

p- 
value 

Marginal effects 

More likely 
to… 

No 
influence 

Uncertain 

Expected travel delay (1 = yes) − 1.99*** 0.70 − 2.83 0.00 − 0.12 0.08 0.03 

No influence (188; 70%) 

Constant 0.78 0.22 3.51 0.00 (na) (na) (na) 
Perception of injury/death (1 = likely to 
experience injury/death in a storm) − 3.00*** 0.66 − 4.54 0.00 0.12 − 0.57 0.44 

Chose the home of a friend/relative as 
accommodation (1 = yes) 

0.76*** 0.29 2.65 0.00 − 0.03 0.14 − 0.11 

Uncertain (57; 22%) Perception of injury/death (1 = likely to 
experience injury/death in a storm) 

− 1.77*** 0.64 − 2.75 0.00 0.03 0.26 − 0.29 

(Note: ‘0 = otherwise’ for binary variables. ‘(na)’ means not applicable; *p < .1; **p < .05; ***p < .01) 
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influence their choices associated with possible destinations (24%) and 
departure times (13%). 

With the survey data, five multinomial logit models were estimated 
to understand why households made such decisions in response to traffic 
management strategies. First, injury/death perception (i.e., perceiving 
the likelihood of experiencing injury/death in a storm) is the factor 
present in all the estimated models explaining evacuation plan adapta
tions. This finding is consistent with the Protective Action Decision 
Model (PADM) [38], which states risk perception is one of the most 
important factors in explaining protective actions. Second, a few factors 
reflecting socio-demographics (e.g., education and income) are signifi
cant in the estimated models. Emergency management agencies may 
want to review their evacuation traffic management plans to ensure 
there are no obstacles for all residents to understand their 
implementation. 

With the survey responses and model estimation results, the in
fluences of traffic management on household evacuation-related de
cisions lead to three considerations for emergency management 
agencies. The first is that traffic management strategies are likely to 
increase evacuation participation while they are less likely to change the 
number of household vehicles each household plans to use. Therefore, it 
is likely that more evacuation traffic will be generated due to an 
increased number of participating households after the implementation 
of supply management strategies is announced to the public. 

The second consideration is based on households being less likely to 
change their destination choices while their route choices could be 
affected by the strategies. A destination can be accessed by different 
routes but individuals generally prefer the route with which they are 
familiar [20,21,63]. An individual may not be aware of all the alterna
tives and their travel times. Therefore, agencies should 1) clearly 
broadcast where and when the traffic management strategies will be 
implemented, 2) provide estimated travel times by route, and 3) ensure 
connections exist between interstates (with traffic management strate
gies) and local roads so that potential destinations can be reached. 

The last consideration is that providing accommodation information 
by location is likely to divert a part of the traffic since users of hotels/ 
motels and public shelters are less certain about the impact of the 
implemented traffic measures on their destination choices. These in
dividuals are not as tied to specific destinations as those who choose the 
home of friends/relatives. One sub-consideration is that shelter opening 
hours should be optimized based on a good understanding of evacuee’s 
responses to the implemented traffic management strategies. 

Regarding future studies, the first avenue is to compare the influence 
of traffic management strategies (which are expected to improve traffic 
conditions) with that of other information (e.g., environmental and so
cial cues) in households’ evacuation-related choices. Do hazard expo
sures and risk perceptions outweigh traffic conditions in all evacuation- 
related choices and choice scenarios [64]? Do evacuees consider how 
much the traffic will be improved by the strategies (or the change of 
travel time) in making their decisions? These questions are worthwhile 
additional explorations based on recent findings about the impacts of 
estimated travel delay on household hurricane evacuation related 
choices [65]. Addressing these questions could also help emergency 
managers tailor their information provision based on whether warning- 
type information or action-type information (e.g., implementing a ca
pacity enhancing strategy) is more effective in persuading people to take 
protective actions. 

The second question to answer is why some people are more likely to 
evacuate before the implementation of traffic management strategies. 
Perhaps respondents interpret a transportation agency’s implementa
tion of traffic management strategies as an expectation of heavy traffic 
and delays since the strategies are intended to increase capacity and 
reduce delays. Heavy traffic volume is also likely to raise safety concerns 
[66]. An additional concern relates to households’ familiarities about 
evacuation traffic management (e.g., access to interstate highways 
changes during contraflow operations). Households who are not familiar Ta
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with contraflow perhaps prefer to leave before the strategy’s imple
mentation so that they can avoid re-routing and uncertainty. Each po
tential reason requires further investigation to acquire a better 
understanding of such choice behaviors. However, emergency man
agement agencies should be prepared for significant earlier departures 
to avoid the strategies. 

Other studies could investigate how specific traffic management 
strategies affect households’ evacuation-related decisions and how 
households assess the effectiveness of each operation in accomplishing a 
particular objective, such as increasing safety and/or decreasing travel 
time. 
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