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Abstract
This study aims to help understand and predict evacuation behavior by examining the rela-
tionship between evacuation decisions and visits to certain businesses using smartphone 
location and point of interest (POI) data collected across three hurricanes—Dorian (2019), 
Ida (2021), and Ian (2022)—for residents in voluntary and mandatory evacuation zones. 
Results from these data suggest residents visit POIs as part of preparatory activities before 
a hurricane impacts land. Statistical tests suggest that POI visits can be used as precur-
sor signals for predicting evacuations in real time. Specifically, people are more likely to 
evacuate if they visit a gas station and are more likely to stay if they visit a grocery store, 
hardware store, pet store, or a pharmacy prior to landfall. Additionally, they are even less 
likely to leave if they visit multiple places of interest. These results provide a foundation 
for using smartphone location data in real time to improve predictions of behavior as a hur-
ricane approaches.

Keywords  Evacuation · Hurricane · Smartphone · Decision-making · Points of interest

1  Introduction

A great deal of research has been undertaken to attempt to predict people’s behavior more 
accurately during a hurricane, in particular, if they will evacuate, and if so, when and to 
where. That work includes development of theoretical frameworks to explain behavior, 
such as the protective action decision model and the warning response process (Lindell and 
Perry 2012; Mileti and Sorensen 1990); identification of variables that help explain differ-
ent behaviors (Huang et al. 2016; DeYoung et al. 2016); and development of quantitative 
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models to predict behavior (Anyidoho et  al. 2022; Xu et  al. 2016). Despite decades of 
research and many advances, efforts to manage hurricane evacuations in practice would 
benefit from additional improvement in the predictive power of such models. As discussed 
in Anyidoho et  al. (2022), with current state-of-the-art models, for future hurricanes we 
can estimate: (1) total evacuation rate within 10 percentage points, sometimes much less, 
(2) evacuation rate for each county within 10–15 percentage points, and (3) departure 
curves within plus or minus several hours.

The new availability of smartphone location data offers a new way to potentially improve 
evacuation prediction, since it could be collected in real time as a hurricane approach and 
therefore can reflect the particularities of the specific hurricane. Most previous research has 
relied on surveys, focus groups, and interviews, all traditional data collection methods that 
require time to implement. Smartphone location data could potentially provide signals of a 
person’s intended evacuation behavior in real time as a hurricane approaches. Movements 
made in the days between hurricane formation and landfall—in particular, visits to certain 
types of businesses—may provide clues as to whether a person in an area threatened by a 
hurricane is preparing to evacuate or preparing to shelter in place. As a first step towards 
developing this advance, Li et  al. (2022) studied the relationship between visits to four 
points of interest- grocery stores, gas stations, pharmacies and home improvement stores 
(hardware), and hurricane. However, their study relies on data from only Harris County 
during hurricane Harvey (2017).

As a next step towards advancing this potential, we utilized smartphone location data 
and points of interest data from multiple hurricanes—Dorian (2019), Ida (2021) and Ian 
(2022) with focus on five types of businesses of interest —gas stations, groceries, hardware 
stores, pet stores, and pharmacies. Specifically, to identify and understand their relation-
ship to evacuation patterns, we develop and investigate two research questions (RQs):

RQ1	�  Does the frequency of visits to gas stations, groceries, hardware stores, pet stores, 
or pharmacies change as a hurricane approaches?

RQ2	�  Can visits to gas stations, groceries, hardware stores, pet stores, and/or pharmacies 
help predict evacuation, and if so, how and under what circumstances?

To address RQ1, we compare the frequency of visits to the businesses during normal 
times (N), during the period just before hurricane impact when people are preparing to 
leave or stay (P), and during the impact period (I) when hazardous conditions exist. For 
RQ2, we conduct t-tests to compare the probability of evacuation for those who visited one 
of the business types and the probability of evacuation for those who did not.

We discuss the literature on population evacuation behavior decisions in Sect. 2 and the 
smartphone location data in Sect. 3. The methodology and results are presented in Sects. 4 
and 5 respectively. The study concludes with discussion of results implications and recom-
mendations for future work.
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2 � Background

2.1 � Population hurricane evacuation behavior

Research on hurricane evacuation decision-making spans multiple methodological 
approaches and research questions (Baker 1991, Dash and Gladwin 2007, Murray-Tuite 
and Wolshon 2013, Sorensen 2000, Bowser and Cutter 2015, Huang et  al. 2016, and 
Thompson et al. 2017). Theoretical models inform behavioral research on warnings, evacu-
ations, and disaster response, in part by anticipating influences on and cues used by peo-
ple in their evacuation decision-making. These models include the protective action deci-
sion model (PADM) and the warning response process (Lindell and Perry 2012; Mileti 
and Sorensen 1990). Key predictor variables that have emerged in decades of evacuation 
research include socio-demographics (DeYoung et  al. 2016; Huang et  al. 2016; Thiede 
and Brown 2013; Elder et  al. 2007)—including having children (Tierney et  al. 2001) or 
pets (Whitehead et  al. 2000), hazard characteristics (Hasan et  al. 2013; Xu et  al. 2016), 
transportation and infrastructure variables (Murray-Tuite et al. 2013, Wolshon 2009, Yazici 
et al. 2008), risk communication (Cahyanto et al. 2016; Dash and Gladwin 2007; Huang 
et al. 2016), social networks (Collins et al. 2018), exposure to warning messages (Sorensen 
and Sorensen 2007), and housing type (Kusenbach and Christmann 2013).

Additionally, quantitative models have been developed to help predict evacuation 
behavior and decisions via two approaches- two-step approach, one-step approach. In the 
two-step approach, one first computes the total number of evacuees with a static model, 
then distributes their departures over time (Murray-Tuite and Wolshon 2013). Such static 
models are typically logit or probit regressions (e.gWhitehead et al. 2000; Xu et al. 2016), 
although other types exist, such as neural networks (Wilmot and Mei 2004). In the one-step 
approach, a single dynamic model simultaneously determines the number of evacuees and 
their departure times, i.e., probability an individual evacuates in time interval t (e.g., Ser-
ulle and Cirillo 2017; Anyidoho et al. 2022).

These studies despite their massive contribution to evacuation study over the years, have 
relied on traditional data types, such as surveys and interviews. First, these traditional data 
types require laborious efforts to collect usable data. Additionally, small sample sizes and 
low response rates limit their representativeness, relying on sampling rather than large-
scale data. When relying on traditional data types, predictions are necessarily based on 
data collected during previous events. However, each hurricane has its own unique context 
(e.g., it occurred during the COVID pandemic or right after another damaging hurricane) 
and it is very difficult to include enough variables to capture all those factors that may be 
important.

The limitations of traditional data types could be overcome with the increasing availabil-
ity and popularity of location-based data in the forms of call detail records (CDRs), Twitter, 
and smartphones—in disaster-related applications (Yu et al. 2018). CDRs have been used to 
examine population movements after the Haiti (2010), New Zealand (2011), and Nepal (2015) 
earthquakes (Bengtsson et al. 2011; Wilson et al. 2016). For every mobile phone text or call, 
the CDR contains the time and location of the nearest cell tower. The frequency and accuracy 
of location data points can vary widely. The accuracy of the location data points from Twitter 
also varies and typically are not as frequent as those in smartphone location data. Neverthe-
less, Twitter data is relatively easily available. Wang and colleagues (Wang and Taylor 2014, 
2016) used Twitter data from Hurricane Sandy and other events to analyze changes in distri-
butions of trip distances during disasters. Chae et al. (2014) and Chae et al. (2015) analyzed 
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geotagged Twitter data from Hurricane Sandy, the Moore tornado, and the Boston bombing. 
They discovered, for example, that many individuals in Manhattan went to a supermarket right 
after an official evacuation order was issued for Sandy. Han et al. (2019) and Martín et al. 
(2017) used geotagged Twitter data to describe the evacuation in Hurricane Matthew (2016)—
number of evacuees, their origins, and destinations. Jiang et al. (2021) used long-term human 
mobility data retrieved from Twitter to develop gravity models to predict evacuation flows in 
Hurricane Matthew (2016). Likewise, Hong and Frias-Martinez (2020) analyzed geotagged 
Twitter data from Hurricane Irma and developed machine learning models to predict evacu-
ation flows. Recent studies by Li et al. (2022) and Roy et al. (2021) also utilized twitter data 
from Hurricane Irma to study evacuation behavior. Li et al. (2022) built a text classifier distin-
guishing positive evacuation tweets from negative and irrelevant ones through active learning 
with additional demographic analysis and content clustering to investigate factors influencing 
evacuation decisions, while Roy et al. (2021) on the other hand developed an input output hid-
den Markov model (IO-HMM) to infer evacuation decisions from user tweets. Finally, using 
Facebook user data, a study by Fraser et al. (2022) studies the intersection of roles of evacua-
tion orders, policy tools, bonding, bridging, and linking social capital, and social vulnerability.

Fewer studies have used smartphone location data. Song and colleagues in three differ-
ent studies used GPS records of 1 + million people over a year to analyze human mobility 
after the Tōhoku earthquake (2011) (Song et al. 2017, 2014, 2013). They identified important 
places for each individual (e.g., home, work), and demonstrated the change in time spent in 
each place type from before to after the event. They also developed a Hidden Markov Model 
to predict an individual’s trajectory during a period of time based on their trajectory during 
the previous period; and predicted possible evacuation from the area using a Markov decision 
process to predict the evacuation route. Yabe et al. (2019) used pre-disaster web search behav-
ior to predict evacuation for a 2018 flood in Japan and employed smartphone location data 
to validate that model. Darzi et al. (2021) employed data from mobile phone location-based 
services to examine how people evacuated during Hurricane Irma. Deng et al. (2021) merged 
detailed human mobility data with socio-demographic factors to uncover disparities in evacu-
ation behavior related to race and socioeconomic status during disasters. In a recent study like 
the one here, Li et al. (2022) utilized large-scale high-resolution smartphone location data to 
assess hurricane preparedness by observing fluctuations in point of interest (POI) visits lead-
ing up to Hurricane Harvey in 2017. New metrics were developed to quantify the extent, tim-
ing, and spatial variations of preparedness, focusing on visits to grocery stores, pharmacies, 
gas stations, and home improvement stores. However, limitations include potential biases due 
to reliance on smartphone data, which may exclude certain demographic groups, with the 
study focusing on data from only a single county (Harris County) under Hurricane Mathew 
(2017). The study described in this paper seeks to address this gap by exploring the relation-
ship between preparedness and visits to five businesses of interest by analyzing data across 
multiple hurricanes, thus multiple geographies and broader hurricane conditions are captured.

3 � Data

3.1 � Hurricanes

This study focuses on three hurricanes—Dorian (2019), Ida (2021) and Ian (2022). 
They cover multiple geographic areas and represent various storm intensities, timings, 
and characteristics (Table 1, Fig. 1). Hurricane Ida (2021) and Hurricane Ian (2022) 
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made landfall in the Gulf of Mexico, whereas Hurricane Dorian (2019) affected the 
Atlantic coast (Fig. 1). Hurricane Dorian initially struck the Bahamas, then followed 
the coast from Florida to North Carolina; while Ida happened rapidly and struck the 
coast of Louisiana while causing substantial impacts (Table 1).

For each hurricane, we divide the timeline into normal (N), preparation (P), and 
impact (I) time periods (Fig.  1d, Table  2). The normal period, meant to capture the 
behavior during times when no hurricane threat exists, is defined to be the period 
3 weeks prior to formation. The preparation period, intended to be the period during 
which the population is aware of a hurricane threat and is preparing to either evacu-
ate or stay, is defined to be after formation till the 2 days prior to landfall. The impact 
period, when the hurricane hazards are occurring in the study area, is defined to be 
from 2 days prior to landfall to a day after landfall.

Table 1   Summary of data by hurricane

Dorian: NCEI (2020) for damage and fatalities, Ida: Beven et al. (2021), Ian: Bucci et al. (2023)

Attribute Dorian Ida Ian

U.S. landfall location Cape Hatteras, NC Port Fourchon, LA Cayo Costa Island, FL
Maximum category Cat. 5 Cat. 4 Cat. 5
Category at landfall Cat. 1 Cat. 4 Cat. 4
Damage in U.S $1.6 billion $75 billion $112.9 billion

Fig. 1   Hurricane tracks and counties/parishes included in the study area by order type (voluntary or manda-
tory) for a Dorian, b Ida, c Ian and d hurricane timelines

Version of Record at: https://doi.org/10.1007/s11069-024-07093-z
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3.2 � Smartphone location data

The data were obtained from the Spectus Data Cleanroom platform for 3 hurricanes—
Dorian, Ida and Ian. The mobility data are de-identified and privacy enhanced. Locations 
were passively collected though the mobile apps based on an opt-in framework. For each 
device (i.e., smartphone), we have location data on average about 128 times per day or 
once every 11 min. iOS (iPhone) collects data when the device detects movement, so the 
sampling is more frequent in the daytime. Android collects data via a time-based sam-
pling methodology. While one could argue the possibility of bias in results due to differ-
ent data collection approaches, we would like to point out that each device is processed 
independently, which eliminates such possibilities. Each, observation consists of a unique, 
anonymized, and encrypted identification number, time stamp, latitude, and longitude. To 
preserve the device owners’ privacy, home areas are upleveled to the census block group 
level, sensitive points of interest such as military bases, sexual reproductive health centers, 
places of worship, and elementary schools, are removed from the dataset, and device IDs 
are changed randomly every few months, limiting the time over which a particular phone’s 
movement can be tracked.

3.3 � Points of interest data

In addition to the privacy-enhanced location data, the Spectus platform also provides data 
on stops, points of interest (POI), and visits, all of which are derived from the smartphone 
location data. A stop identifies a single stay of a device in a precise location (i.e., a point in 
space where a device spends some time). Stops are determined by means of a stop-detec-
tion algorithm which detects the sequence of points that constitute a single stay of a user, 
and then aggregates them into a single entity with latitude, longitude, and duration of stay.

The point of interest table includes a row for each business in a geographic region and 
columns to characterize the category to which it belongs, its brand name, its geographic 
location (longitude and latitude, zip code, and county codes), and its hours of operation. 
The brand names are specific companies within the broader categories. For instance, Shop-
rite and Walgreens are brand names within the grocery and pharmacy categories, respec-
tively. We also assumed supermarkets such as Walmart and Costco are categorized as gro-
cery to simplify our analysis.

The visit table contains data about which place of interest (POI) a user visits, and when 
the visit is made. A visit is an event occurring when at least one detected stop made by a 
device overlaps with a POI and meets certain criteria. In other words, a visit is generated 
when a device stops and dwells within the boundaries of a POI for a specified period of 
time. Each row of the visit table is a visit made by a device, marked by a device identi-
fier and a place identifier (typically stores, restaurants, gas stations, etc.) within the POI’s 
hours of operation. Additionally, the opening and closing dates of the POI are considered 
to ensure that visits are only computed when a POI is in active business or location.

For this analysis, we focused on five types of businesses that we hypothesize are related 
to preparations people might make as a hurricane approach and as identified in the study 
by Li et al. (2022): gas stations, grocery stores, pet stores, hardware stores (hardware and 
home goods stores), and pharmacies. Table 2 summarizes the number of each type of POI 
located within the study area for each hurricane. Table 2 also indicates how many visits 
are made to each POI type in each hurricane. In total, the dataset includes 17,319, 13,596, 
42,218, 12,107 and 2936 visits to gas stations, grocery stores, hardware stores, pet stores 
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and pharmacies, respectively, for the entire study period from the start of normal period to 
hurricane dissipation for all three hurricanes combined. An individual may make multiple 
trips to a place of interest over the duration of the hurricane period.

4 � Methodology

4.1 � Evacuee identification

We apply the method described in Anyidoho et  al. (2023) to identify evacuees using 
anonymized smartphone location data sampled from areas in Fig. 1. In this application, we 
sample devices from areas for which either mandatory or voluntary orders were issued. A 
total of 37,501 devices were sampled, out of which 25,133, 7917, 4451 are from Dorian, 
Ida and Ian respectively. Location-based data described in Sect. 3.2, is obtained for each 
device over the normal period (3  weeks to formation) and hurricane period (Fig.  1d). 
Normal period (Fig. 1d) data is used to infer the home location of each individual. The 
approach herein relies on first identifying census tracts in which the aggregate behavior 
differs substantially from normal behavior, providing evidence of evacuation, and then 
identifying evacuees within those tracts. Evacuating census tracts are those for which the 
peak rate observed during the hurricane period is at least 15% higher than the peak travel 
rate in the normal period. Within those tracts, a device is denoted as an evacuee if it is 
at least a mile from home on the peak evacuation date (date of maximum travel rate for 
associated census tract) of the corresponding census tract. The dataset includes a total of 
9444 evacuees and 22,555 non-evacuees in mandatory order zones, and 1201 evacuees and 
4301 non-evacuees in voluntary order zones (Table 2). The evacuation rate in mandatory 
zones is 30% compared to 22% in voluntary zones. The study in Anyidoho et al. (2023) 
compares evacuation rates and departure curves from three hurricanes (Florence, Michael, 
and Dorian) computed from survey data and the smartphone location method applied here. 
Results suggest a good comparison between the two data types. Their study also suggests, 
the data is representative of the population within which the sample was drawn.

5 � Results

5.1 � Frequency of POI visits during hurricanes (RQ1)

To determine if the frequency of business visits (i.e., number of visits per day) changes 
during the hurricane preparation period and/or during the hurricane impact period relative 
to normal times, we extract data on visits for the five business types over the entire dura-
tion, from the start of the normal period to hurricane dissipation (Fig. 1d). In Fig. 2, we 
compute the aggregate frequency of visits per day across all five businesses for each hur-
ricane. Dorian affected different geographic zones at different times, so we considered the 
effect on each state separately (Dorian-Florida, Dorian-Georgia, Dorian-South Carolina). 
The dots on each line plot represent frequencies for weekends.

Figure  2, which shows the normal variability in POI visit frequency, indicates that 
weekly peaks tend to occur on Saturdays. Relative to the normal period across all hur-
ricanes, visits increase during the preparation period (P) followed by a significant drop to 
almost zero during the hurricane impact period (I). The peak is more pronounced for Ida 
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during the preparation period, likely because this period aligns with a weekend. The impact 
period minima in Fig. 2b show how the impact of Dorian occurs first in Florida (Sept. 3), 
then in Georgia (Sept. 4), and then in South Carolina (Sept. 5), as expected.

To further understand how these frequencies vary, we compute the frequency of visits 
separately for each business type (Fig. 3a-f). Across all businesses, hardware stores record 
the highest frequencies except for Hurricane Ida, where visits to gas stations are most fre-
quent especially during the hurricane period. Visits to hardware stores are likely highest 
due to the fact that there are more hardware stores than other types because that category 
includes home goods stores.

In terms of frequency variation across days of the week, visits generally tend to peak 
during the weekends for grocery stores, hardware stores, and pet stores, but not as much 
for gas stations and pharmacies (Fig. 3a-f). In general, visits to gas stations and pharma-
cies do not vary as much from across days of the week as grocery, hardware, and pet stores 
do. Generally, for each business type, frequencies tend to increase during the preparation 
period (P) and decline significantly during the impact period (I). The differences between 
these three phases (N, P, I) are more pronounced for hardware stores across each hurricane. 
In Hurricane Ida, however the differences are largest for gas stations.

5.2 � Relationship between POI visits and evacuation (RQ2)

The second research question asks whether visits to the five business types can help pre-
dict evacuation decisions. We extract data describing business visits within the hurricane 
period (Fig. 1d) for both evacuees and non-evacuees. For each business type, a t-test (car-
ried out in python) was conducted to compare the probability of evacuation between two 
groups: (1) people who visited a business from a specified time, t

0
 , to the time of maximum 

Fig. 2   Total number of all POI visits together for a Dorian, b Dorian by state, c Ida, and d Ian
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threat, t
max

 , and (2) people who did not visit a business during that time period. For evacu-
ees, the time of maximum threat, t

max
 , is the departure time; for non-evacuees in Hurricane 

Ida and Hurricane Ian, it is the time of landfall; for non-evacuees in Hurricane Dorian 
(which never made landfall), it is the time the hurricane passed the state and is defined 
separately for Florida, Georgia, and South Carolina. The tests were conducted for multi-
ple values of t

0
− t

max
 (24, 28, 72, 96, > 96 h). In addition, similar tests were conducted to 

determine if people who had visited two types of businesses were even less likely to evacu-
ate than people who had not. The tests were conducted separately for each hurricane and 
results are presented in Tables 3 and 4, for a visit to one type of business and combinations 
of POIs, respectively.

Results indicate that a visit to a gas station is associated with a higher probability of 
evacuation, with results significant for Dorian and Ida but not for Ian. For example, in Hur-
ricane Dorian, one is approximately twice as likely to evacuate if they visit a gas station 
24 h prior to the time of maximum threat, though this difference decreases as the t

0
− t

max
 

period increases. A person who visits a hardware store, pet store, or grocery store is less 
likely to evacuate than one who does not. A visit to a pharmacy is not a statistically sig-
nificant for any hurricane or time period t

0
− t

max
 , possibly at least in part because there 

are relatively few visits to pharmacies in the dataset, compared to the other business types 
(Table 2). The difference between probabilities for hardware stores are the most statistically 

Fig. 3   Total number of visits per business a Dorian, b Dorian-FL, c Dorian-GA, d Dorian-SC, e da, and f 
Ian

Version of Record at: https://doi.org/10.1007/s11069-024-07093-z



	 Natural Hazards

Ta
bl

e 
3  

H
yp

ot
he

si
s t

es
tin

g 
re

su
lts

 fo
r o

ne
 P

O
I v

is
it

a  Th
e 

sy
m

bo
l *

 a
nd

 g
ra

y 
sh

ad
in

g 
de

no
te

s s
ig

ni
fic

an
t l

ev
el

s a
t 0

.0
5

PO
I

Ti
m

e 
t 0-

t m
ax

D
or

ia
n

Id
a

Ia
n

(h
rs

)
P(

ev
ac

|P
O

I)
P(

ev
ac

|n
o 

PO
I)

pv
al

ue
a

P(
ev

ac
|P

O
I)

P(
ev

ac
|n

o 
PO

I)
pv

al
ue

a
P(

ev
ac

|P
O

I)
P(

ev
ac

|n
o 

PO
I)

pv
al

ue
a

G
as

 S
ta

tio
ns

24
0.

42
5

0.
24

7
0.

00
0*

0.
22

6
0.

15
6

0.
00

3*
0.

64
3

0.
57

3
0.

45
7

48
0.

33
1

0.
24

3
0.

00
0*

0.
17

3
0.

14
7

0.
08

1
0.

54
4

0.
53

8
0.

91
4

72
0.

30
1

0.
24

1
0.

00
0*

0.
18

8
0.

16
4

0.
07

6
0.

55
9

0.
54

5
0.

77
4

96
0.

27
9

0.
23

9
0.

00
2*

0.
21

7
0.

19
4

0.
11

2
0.

52
5

0.
55

0
0.

55
8

 >
 96

0.
26

7
0.

24
1

0.
02

3*
0.

29
5

0.
26

7
0.

06
8

0.
55

6
0.

56
5

0.
79

6
G

ro
ce

ry
24

0.
19

1
0.

26
0

0.
03

8*
0.

11
0

0.
16

9
0.

18
3

0.
42

5
0.

57
9

0.
05

3*
48

0.
19

9
0.

24
9

0.
01

7*
0.

09
1

0.
15

5
0.

01
6*

0.
43

6
0.

54
3

0.
04

3*
72

0.
20

0
0.

24
7

0.
00

4*
0.

11
6

0.
17

2
0.

01
9*

0.
52

2
0.

54
7

0.
55

2
96

0.
19

8
0.

24
4

0.
00

1*
0.

15
1

0.
20

1
0.

04
3*

0.
52

4
0.

55
1

0.
41

2
  >

 96
0.

21
4

0.
24

5
0.

00
6*

0.
26

0
0.

27
3

0.
60

0
0.

54
8

0.
56

6
0.

54
7

H
ar

dw
ar

e
24

0.
18

8
0.

26
4

0.
00

0*
0.

07
8

0.
17

6
0.

00
0*

0.
40

0
0.

58
7

0.
00

1*
48

0.
18

9
0.

25
6

0.
00

0*
0.

08
6

0.
15

9
0.

00
0*

0.
42

2
0.

55
0

0.
00

0*
72

0.
19

6
0.

25
4

0.
00

0*
0.

11
5

0.
17

5
0.

00
1*

0.
44

8
0.

55
6

0.
00

0*
96

0.
19

7
0.

25
1

0.
00

0*
0.

14
1

0.
20

5
0.

00
1*

0.
47

8
0.

55
8

0.
00

4*
 >

 96
0.

20
3

0.
25

4
0.

00
0*

0.
22

7
0.

27
8

0.
01

1*
0.

50
1

0.
57

4
0.

00
3*

Pe
t S

to
re

s
24

0.
15

8
0.

26
1

0.
00

2*
0.

08
5

0.
16

9
0.

08
7

0.
47

2
0.

57
8

0.
12

4
48

0.
17

8
0.

25
1

0.
00

0*
0.

14
7

0.
15

2
0.

87
2

0.
49

6
0.

54
1

0.
32

9
72

0.
17

5
0.

24
8

0.
00

0*
0.

15
8

0.
16

9
0.

65
4

0.
47

4
0.

55
0

0.
04

0*
96

0.
17

9
0.

24
5

0.
00

0*
0.

20
9

0.
19

8
0.

66
7

0.
48

0
0.

55
5

0.
02

1*
 >

 96
0.

20
1

0.
24

6
0.

00
0*

0.
31

6
0.

27
0

0.
08

8
0.

48
3

0.
57

2
0.

00
2*

Ph
ar

m
ac

y
24

0.
25

0
0.

25
7

0.
94

7
0.

15
4

0.
16

7
0.

90
2

0.
71

4
0.

57
3

0.
45

2
48

0.
34

0
0.

24
7

0.
13

9
0.

09
3

0.
15

2
0.

28
1

0.
60

0
0.

53
8

0.
57

8
72

0.
25

8
0.

24
4

0.
76

0
0.

14
8

0.
16

9
0.

65
6

0.
66

7
0.

54
4

0.
20

3
96

0.
21

4
0.

24
1

0.
44

0
0.

14
5

0.
19

9
0.

29
1

0.
62

9
0.

54
9

0.
34

4
 >

 96
0.

26
8

0.
24

3
0.

39
9

0.
22

1
0.

27
3

0.
33

4
0.

63
3

0.
56

4
0.

33
4

Version of Record at: https://doi.org/10.1007/s11069-024-07093-z



Natural Hazards	

significant (p-value ≤ 0.05) across all three hurricanes and times. This could be in part 
because there are more hardware stores in the dataset than other businesses. Pet stores are 
significant for Dorian and Ian but not Ida. Gas stations are significant for Dorian and Ida 
24 h prior to maximum threat. Hurricane Dorian likely has the most statistically significant 
results at least in part because it has the most observations (Table 2).

Comparing across alternative values of t
0
 suggests that in general, across business types 

and hurricanes, the effect of business visits on the probability of evacuation decreases as 
the time window increases, perhaps because the larger time window dilutes the influence of 
the hurricane threat. This is true especially for visits to gas stations. The difference in prob-
ability of evacuation for those who went to a gas station in the period t

0
− t

max
 and those 

who did not, when t
0
= 24h is 0.18, 0.07, and 0.07 for Dorian, Ida, and Ian, respectively. 

For t
0
> 24 h, it is an average of 0.05, 0.03, and 0.00 for Dorian, Ida, and Ian, respectively. 

There is not, however, a clear relationship between the time t
0
 and the p-value associated 

with the t-tests. It may be that while the smaller time window is associated with a stronger 
business visit effect, it also leads to fewer visits and potentially therefore, more difficulty 
finding evidence of statistical significance.

Since a visit to a hardware store, pet store, or grocery store in the period before maxi-
mum threat was associated with a decreased likelihood of evacuating, we also examined if 
visiting two or three of those types of stores is associated with an even smaller likelihood 
of evacuating (Table 4). Note that only POI combinations with observations are presented 
in Table 4. Since the numbers of people who went to two or three of these types of stores 
decrease with the time window t

0
− t

max
 , the results were not statistically significant for the 

shorter times (24 and 48 h). Nevertheless, the results suggest that visiting two or three of 
these businesses (hardware, pet store, and grocery store) is associated with an even smaller 
probability that the person will evacuate. For example, while the probability of evacuating 
is 0.05 lower for a person who went to a grocery store within 72 h of the maximum threat 
than one who did not (0.20 vs. 0.25), and 0.06 lower for a person who went to a hardware 
store than one who did not (0.20 vs. 0.25), it is 0.14 lower for a person who went to both a 
grocery store and a hardware store (0.11 vs. 0.25, or less than half as likely).

To investigate the effect of the official order type, we repeated the exercise separately 
for people in areas receiving voluntary evacuation orders and in areas receiving mandatory 
evacuation orders. However, the results from the two areas align with what is reported in 
Table 3, and thus per our analysis the order type does not affect the probability of evacua-
tion across visitors and non-visitors to these places of interest.

6 � Discussion

6.1 � Implications for research

This study supports exploration of an emerging area of research for evacuation prediction. 
Specifically, we explore the relationship between visits to places of interest and evacua-
tion decisions. With the current results being encouraging, this serves as a foundation for a 
new avenue of future research using real-time population movement data to enhance hur-
ricane evacuation management, and development of evacuation demand models in particu-
lar. Anyidoho et al. (2022) compared five evacuation demand models, with model predic-
tors related to individual socio-demographic attributes, hurricane and forecast attributes, 
official actions, and housing types. In addition to these features, future research can use 
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business visits as additional features. In one-step models such as traditional logistic regres-
sion, these features can be coded as binary which indicates whether a person visits the 
business or not prior to landfall. However, for the two-step approaches such as the dynamic 
discrete choice model (Anyidoho et al. 2022), business visits can be integrated as a binary 
dynamic attribute, where in each decision step, the individual either makes a visit to the 
business or not.

Future research might also consider a similar analysis but including additional data from 
new hurricanes and from people in areas that do not receive a voluntary or mandatory offi-
cial evacuation order. Since the results herein indicate differences in probabilities become 
more significant as we move closer to landfall, future research integrating these features 
into predictive models may focus on visits that are closer to maximum threat time which 
is forecast by the National Hurricane Center. Additional future social science focused 
research could investigate why people decide to make these visits when evacuating and 
not, and what, if anything, would be helpful in either changing the mind of non-evacuees or 
helping them to evacuate during these visits.

6.2 � Practical implications

While this study serves as a first step in developing the idea of leveraging point of interest 
data in hurricane evacuations, the current results are promising enough for practical appli-
cations. Emergency managers rely on estimates of how many people are likely to evacuate 
from where, and at what time to help them make decisions such as issuing official evacu-
ation orders, messaging to the public, opening shelters, staging materials, and staff, and 
implementing traffic plans. With results indicating evacuees are more likely to visit gas 
stations, the number of visits to a gas station for a future hurricane can serve as an estimate 
of the aggregate evacuation demand and can be compared with what existing approaches 
such as the traditional participation rate suggests. The smartphone location data can be 
tracked in real time, which can help determine who evacuates in real time as the hurricane 
approaches. Also, the expected number of visits to hardware, pet, grocery stores and phar-
macies help store owners to supply sufficient materials/resources to meet the demands of 
the community during emergency periods. Finally, emergency managers can liaise with 
store operators to communicate with the public with regards to preparedness, evacuation 
orders, evacuation routes, and shelters. The messaging could be targeted and specific to the 
type of business– for example, pet stores might provide information supplies that are useful 
for pet evacuation and sheltering.

In the most practical scenario, the availability of smartphone data for future hurricanes 
means we can estimate evacuation demand in real time. As a hurricane approaches the 
coast, we can track the number of people that make visits to these businesses. For instance, 
if we know those estimates every 24 h, we can use these to forecast demand for the next 
24–48 h. Ultimately, integrating these visit signals into the DDC model has the potential to 
greatly improve predictions and the practical utility of evacuation demand models.

7 � Conclusions and future work

In this study, we leverage smartphone location data to improve understanding of evacua-
tion behavior in hurricanes. Specifically, we curated data across three diverse hurricanes, 
and explored the possible relationship between visits to places of interest and hurricane 

Version of Record at: https://doi.org/10.1007/s11069-024-07093-z



	 Natural Hazards

evacuations. The first research question compares the frequency of visits to businesses in 
the hurricane preparation and impact periods relative to the normal period. Results gener-
ally suggest people tend to visit businesses more often during the hurricane preparation 
period, and that the frequency of visits decreases significantly as the hurricane impacts 
land.

The second research question examines whether business visits can be used to predict 
evacuation behavior. Results from the t-test of difference in proportions suggest if a person 
visits a gas station, they are more likely to evacuate, but if they make a visit to a hard-
ware store, pet store, grocery store or pharmacy, then they are less likely to evacuate. The 
likelihood of evacuating further decreases if a person visits two or three of the following: 
hardware stores, pet stores, and pharmacies. Business visits thus can be helpful in predict-
ing evacuation. There are some important potential policy implications and interventions 
for these findings. For example, emergency management could use these data to engage in 
targeted messaging about the hurricane at these key business types leading up to the event.

The study, however, has some limitations. First, the analysis does not include devices 
in geographic areas not under voluntary or mandatory orders. Since evacuation orders are 
mostly issued to coastal counties, the behavior of inland residents is therefore not captured. 
Second, our analysis captures behavior from three hurricanes, and while a good deal of 
variability is present, future research should include data from additional hurricanes. Third, 
while the analysis establishes possible relationship between visits to places of interest 
and evacuation behavior, further statistical analysis such as a multivariate approach could 
strengthen these findings. Finally, future research should investigate integrating business 
visits as additional signals/features in evacuation demand models.
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