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)LJXUH �� &\EHU DQG SK\VLFDO FRPSRQHQWV RI WKH SURSRVHG UHVHDUFK IUDPHZRUN� :KHQ D VKRFN KLWV D FRPPXQLW\ ���� FHOO SKRQH
PHWDGDWD LV FROOHFWHG ��� DQG GDWD PLQLQJ DQG PDFKLQH OHDUQLQJ WHFKQLTXHV DUH DSSOLHG WR PRGHO WKH FRPPXQLW\¶V UHVSRQVH WR WKH
VKRFN ���� 7KH PRGHOV DUH VKDUHG ZLWK GHFLVLRQ PDNHUV ��� WR GHYHORS HIIHFWLYH� RQ�WKH�JURXQG SROLF\ PHDVXUHV�

UHVHDUFK FRQWULEXWLRQV WKDW DWWHPSW WR SUHGLFW EHKDYLRUV GXULQJ VKRFNV� PRVWO\ GXH WR WKH ODFN RI ORQJLWXGLQDO
GDWD� DQG WKH IHZ H[LVWLQJ PRGHOV� SURYLGH YHU\ LQDFFXUDWH SUHGLFWLRQV ZLWK OLPLWHG YDOLGDWLRQ DQG FRQWH[WXDO
LQIRUPDWLRQ� PDNLQJ LW YHU\ GLIILFXOW IRU GHFLVLRQ PDNHUV WR XVH WKHP >��� ��@� ,Q WKLV SURSRVDO� WKH 3, ZLOO� ���
GHYHORS PHWKRGV WR SUHGLFW WKH PRELOLW\ DQG UHVLOLHQFH SDWWHUQV RI D FRPPXQLW\ KLW E\ D JLYHQ W\SH RI VKRFN�
XVLQJ FHOO SKRQH PHWDGDWD DFURVV PXOWLSOH RFFXUUHQFHV RI WKH VDPH HYHQW VR DV WR JXDUDQWHH DFFXUDF\
DQG UHSUHVHQWDWLYLW\� DQG ��� SURYLGH SUHGLFWLRQV WKDW DUH LQIRUPDWLYH DQG WKDW FRQWDLQ FRQWH[WXDO LQIRUPDWLRQ
DERXW WKH SK\VLFDO� VRFLDO DQG VKRFN HQYLURQPHQW�

.QRZOHGJH 7UDQVIHUDELOLW\� 7KH PHWKRGV GHVFULEHG LQ WKH WZR SUHYLRXV UHVHDUFK REMHFWLYHV UHTXLUH
DFFHVV WR H[WHQVLYH FROOHFWLRQV RI FHOO SKRQH PHWDGDWD EHIRUH DQG GXULQJ VKRFNV� +RZHYHU� GHFLVLRQ PDNHUV
PLJKW QRW DOZD\V JHW DFFHVV WR DOO WKH UHTXLUHG PHWDGDWD� )RU H[DPSOH� LW FRXOG EH WKH FDVH WKDW DQ GURXJKW
KDSSHQV LQ D UHJLRQ� DQG GHFLVLRQ PDNHUV DUH DEOH WR DFFHVV GDWD RQO\ ULJKW DIWHU WKH VKRFN WDNHV SODFH� RU
RQO\ PDQDJH WR JDLQ DFFHVV WR JHRUHIHUHQFHG VRFLDO PHGLD H�J�� 7ZLWWHU LQVWHDG RI FHOO SKRQH PHWDGDWD� ,Q
WKLV SURSRVDO� WKH 3, ZLOO H[SORUH KRZ WUDQVIHUDEOH WKH W\SHV RI EHKDYLRUV LGHQWLILHG RU WKH SUHGLFWLYH PRGHOV
DUH� DFURVV W\SHV RI VKRFNV� VSDFH� WLPH DQG GDWD VRXUFHV� 6SHFLILFDOO\� WKH 3, LV LQWHUHVWHG LQ XQGHUVWDQGLQJ
ZKHWKHU WKH W\SHV RI UHDFWLRQV RU WKH SUHGLFWLYH PRGHOV FRPSXWHG IRU RQH VKRFN LQ RQH UHJLRQ FRXOG EH XVHG
IRU WKH GHYHORSPHQW RI SUHSDUHGQHVV DQG UHVSRQVH SROLFLHV LQ RWKHU VKRFNV RU DW RWKHU UHJLRQV� DQG LQ
TXDQWLI\LQJ WKH LQIRUPDWLRQ ORVV WKDW ZRXOG WDNH SODFH ZKHQ NQRZOHGJH LV WUDQVIHUUHG� 7KH ZRUN LQ WKLV DUHD
LV YHU\ OLPLWHG ZLWK RQO\ D IHZ SDSHUV IRFXVHG RQ VLPXODWLRQ RI PRELOLW\ SDWWHUQV� QRW UHVLOLHQFH >��� ��� ��@�

� 5HVHDUFK 3ODQ
��� &KDUDFWHUL]DWLRQ RI KXPDQ UHVSRQVH WR VKRFNV
7KH PDLQ REMHFWLYH RI WKLV UHVHDUFK WKUXVW LV WR H[WUDFW EHKDYLRUDO SDWWHUQV WKDW ZLOO DVVLVW GHFLVLRQ PDNHUV LQ
XQGHUVWDQGLQJ KRZ SHRSOH UHVSRQG WR VKRFNV DQG KRZ UHVLOLHQW DIIHFWHG FRPPXQLWLHV DUH� )RU WKDW SXUSRVH�
WKH 3, ZLOO GHYHORS QRYHO GDWD PLQLQJ DQG PDFKLQH OHDUQLQJ PHWKRGV WR FKDUDFWHUL]H KXPDQ PRELOLW\ DQG
FRPPXQLW\ UHVLOLHQFH GXULQJ VKRFNV XVLQJ FHOO SKRQH PHWDGDWD IURP WKH DIIHFWHG SRSXODWLRQ DQG FRQWH[WXDO
LQIRUPDWLRQ FKDUDFWHUL]LQJ WKH SK\VLFDO DQG VRFLDO HQYLURQPHQW� 7KHVH PHWKRGV ZLOO DOORZ GHFLVLRQ PDNHUV
WR DQVZHU TXHVWLRQV VXFK DV� GXULQJ D VKRFN� GR SHRSOH JR WR ZKHUH RIILFLDO UHVRXUFHV DUH SODFHG" GR
SHRSOH JR WR ZKHUH WKHLU IDPLOLHV DUH" RU� KRZ ORQJ GRHV LW WDNH IRU H�J�� ORZ�LQFRPH FRPPXQLWLHV� WR UHFRYHU
QRUPDOLW\ DIWHU D VKRFN" 5HWULHYLQJ VXFK LQIRUPDWLRQ LV FULWLFDO IRU GHFLVLRQ PDNHUV VR DV WR XQGHUVWDQG KRZ
WR GHYHORS HIIHFWLYH SUHSDUHGQHVV SROLFLHV WR UHVSRQG WR IXWXUH RFFXUUHQFHV RI D JLYHQ VKRFN� )LQDOO\� WKH
3, ZLOO GHVLJQ LQWHUDFWLYH GDWD�EDVHG PDSV IRU GHFLVLRQ PDNHUV WR EH DEOH WR YLVXDOO\ H[SORUH EHKDYLRUV DQG
FRQWH[WV GXULQJ VKRFNV� 7KH PDSV ZLOO EH GHVLJQHG DQG HYDOXDWHG LQ FROODERUDWLRQ ZLWK WKH 8QLWHG 1DWLRQV
�81�� 7KH 3, KDV H[WHQVLYH H[SHULHQFH ZRUNLQJ ZLWK GHFLVLRQ PDNHUV DW ERWK WKH 81 DQG WKH :RUOG %DQN�

�
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3. DATA 

3.1. Location-Based Services Data 

The primary dataset used in this study is a location-based services dataset of anonymized 
smartphone devices for the entire United States gathered by a location intelligence and 
measurement company Cuebiq. Information in this dataset was recorded passively through mobile 
phone apps. Each observation includes timestamp of the observation in Unix epoch time format, 
an anonymized hashed identification number (ID), ID type that represents the device operating 
system (OS), latitude and longitude coordinates in decimal version, location accuracy associated 
with each data point in meters, and time zone offset of the position of the device. A synthetic 
sample of data is given in Table 1 to demonstrate the raw data. Data presented in Table 1 is 
modified in ordered to preserve privacy. 
  

Table 1. A synthetic sample of LBS data 
Timestamp Device ID Device 

Type Latitude Longitude Location 
Accuracy (m) 

Time Zone 
Offset 

1504068337 e07941996a2ffd303021914e0c12gcf 1 28.43023 -81.60654 5 -14400 
1504068342 e07941996a2ffd303021914e0c12gcf 1 28.43038 -81.60531 25 -14400 
1504068351 e07941996a2ffd303021914e0c12gcf 1 28.43029 -81.60427 5 -14400 
1504068360 e07941996a2ffd303021914e0c12gcf 1 28.43058 -81.60463 100 -14400 
1504068369 e07941996a2ffd303021914e0c12gcf 1 28.43139 -81.60374 5 -14400 

    
Based on the meteorological history, Irma developed from a tropical wave near Cape Verde 

on August 30 and quickly intensified into a Category 3 hurricane by August 31 due to the climate 
condition. On September 4, the storm kept intensifying, making it a Category 5 hurricane. 
Therefore, based on the timeline of Hurricane Irma’s evolution, we chose the month of August to 
identify the home location of the users within the state of Florida, as we assume that users’ behavior 
had not been impacted by the news of Hurricane Irma yet. Furthermore, to understand the 
evacuation pattern of the residents in Florida, the data from the entire month of September were 
employed. 

3.2. Evacuation Zone Data 

In addition to the location data, gathering information regarding evacuation order evolution was 
necessary to understand the evacuees’ behavior. The Florida Division of Emergency Management 
provided the spatial polygon of evacuation zones for the counties with defined evacuation zones 
32. However, for the information regarding evacuation orders by county and zones, no single source 
provided comprehensive details. The webpage of the former Florida governor, Rick Scott, had one 
of the most complete information regarding the issuance of evacuation orders as of 9/9/2017 33. 
However, several counties, particularly in the north of Florida, issued evacuation orders on 
9/10/2017. Also, many counties upgraded from voluntary to mandatory evacuation orders on or 
after 9/9/2017. Therefore, we looked at several various sources and compiled the data for each 
evacuation zone. The final Florida map by evacuation order and date during Hurricane Irma is 
shown in Figure 1. Besides the evacuation map, open-source parcel-level information for the 
entire state of Florida was obtained. The data were gathered by the Florida Department of Revenue, 
County Property Appraisers, and the University of Florida GeoPlan Center. This layer contains 

1. Data

Research FrameworkModeling evacuation patterns and decisions using mobile device location data: 
A case study of hurricane Irma

A. Location-based services data C. Evacuation zone data
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residential home type information that has been used in the parameter selection process for the 
home location identification algorithm. 

Also, to measure the impact of living in low-lying residences on the evacuation decision, 
the elevation information was obtained from the digital elevation model (DEM) provided by the 
University of Florida GeoPlan Center for the entire state of Florida. 
 

 
Figure 1. Florida map by evacuation order and date during Hurricane Irma 

3.3. Socio-Demographic Data 

In addition to the passively collected location data and evacuation zone information, socio-
demographic information such as income, age, and race information was gathered for statistical 
modeling purposes. We have used the 2017 American Community Survey (ACS) 5-year estimates 
conducted by the United States Census Bureau to collect socio-demographic information at the 
census tract level. The census-tract level socio-demographic information was added to devices 
based on their residential location. 

4. METHODOLOGY 

We describe the three steps of our analysis to capture the evacuation pattern from the LBS data: 
(1) Identifying the home location of each anonymized users to filter out the devices that are not 

B. ACS 5-year estimates per census tract in Florida

2. Methodology

a. Identify home location with LBS in Aug DBSCAN 7pm-7am data; select centroid with highest frequency
b. Identify  evacuees as those with distance from their home locations > 1mi
c. Aggregate analysis of evacuation behaviors
d. Statistical analysis of individual mobility behaviors and evacuation decisions via logistic regressions

3. Results

4. Broader Impacts
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Table 3. Data descriptive for evacuation decision choice model 
Metric Definition Descriptive Statistics 

Categorical Variable Count Percentage 

Evacuation Decision Evacuation decision 0 = did not evacuate, 507605 63.16 
1 = evacuate 296081 36.84 

Evacuation order Evacuation order 
received 

0 = none 565178 70.32 
1 = voluntary, 114038 14.19 
2 = mandatory 124470 15.49 

Continuous Variable  Min Median Max SD 
Elevation Residential location elevation -1 6 102 13.86 

Median age Median age of the residential census tract 11.9 41.4 83.3 9.71 
Median income Median income of the residential census tract 8804 54279 2500001 22951 

Vehicle availability Percentage of households with at least one 
vehicle in the census tract 28.4 96.1 100 5.82 

Race - white Percentage of white population in the census tract 0 0.83 1 0.17 
Average number of 

trip 
Average number of trips taken by the individual 

per day during August 1 5.5 51.4 3.82 

Average of convex 
hull area 

Average daily convex hull area of individuals 
during August 0 48.57 57274.8 510.31 

 
As no evacuation was the base choice in our decision variable, positive coefficients indicate that 
increase in variables’ value increases the likelihood of evacuation, while a negative sign denotes a 
decrease in the likelihood of evacuation. The summary of results is presented in Table 4. 
 

Table 4. Logistic regression models’ summary 

Variable 
Model#1 – logistic model without 

mobility behavior metrics 
Model#2 – logistic model with mobility 

behavior metrics 
Estimated coefficient p-value Estimated coefficient p-value 

Intercept 3.61E-01 <0.001 *** 4.45 E-01 <0.001 *** 
Evacuation order 4.06 E-01 <0.001 *** 4.08 E-01 <0.001 *** 

Elevation -8.60 E-05 <0.001 *** -8.55 E-05 <0.001 *** 
Median age 8.48 E-03 <0.001 *** 8.65 E-03 <0.001 *** 

Median income 3.62 E-08 0.766 2.68 E-07 0.028 * 
Vehicle availability -1.57 E-02 <0.001 *** -1.88 E-02 <0.001 *** 

Race - white 2.59 E-01 <0.001 *** 2.44 E-01 <0.001 *** 
Average number of 

trip - - 1.03E-02 <0.001 *** 

Average of convex 
hull area - - 4.28E-04 <0.001 *** 

Number of 
observation 803686 803686 

Log Likelihood -516912.5 (df=7) -513806.2 (df=9) 
AIC 1033839 1027630 

McFadden R2 0.025 0.031 
Models 

Comparison P-value (Chi) = <0.001 *** 

 
We developed two logistic regression models. Model#1 only includes socio-demographic 
information, elevation of residential location, and evacuation order attributes while model#2 
utilized mobility behavior metrics in addition to all variables in model#1. In both models, the sign 
of coefficients for common variables was in line and consistent with previous studies except for 
the vehicle availability metric. Higher vehicle availability was expected to increase the tendency 
to evacuate but in our model, the coefficient was estimated negative. One possible reason for this 
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and the date that the corresponding evacuation order was issued. Observing how individuals react 
to the evacuation order helps us better understand the individuals’ response to the evacuation orders 
and plans. 

Destination choice is another important decision component. While an increase in short-
distance evacuations increases the demand for sheltering resources, it reduces the stress on the 
transportation network as well as the cost of evacuation. As a result, agencies are becoming 
increasingly interested in short-distance evacuations. In this paper, we used the maximum value of 
individuals’ minimum distances from their inferred home locations during the evacuation period 
as the proxy for the distance between their home and the evacuation destination. Also, we 
empirically examined the impact of living in a low-lying residential area on individuals’ 
evacuation decisions. To have a better understanding of the effects of the low-lying area on the 
evacuation rate, we controlled for the type of evacuation order in our analysis.  

5.1. Stay or Evacuate 

Implementing the home location identification algorithm discussed above on the 6 billion 
observations for the devices that were observed in Florida during August, we were able to infer 
the home location of 1,050,472 devices. Among these devices, 1,002,858 of them resided within 
the state of Florida. Extracting the information of these devices for September, 5,677,549,347 
sightings were filtered from our LBS data and analyzed. The additional checks were conducted to 
remove inactive devices during September as well as eliminating devices that did not have enough 
sightings near their home locations. The final list of devices includes 807,623 active devices. The 
minimum distance from the identified home location was calculated daily for all users. Then the 
proposed framework for evacuation identification was employed to find out the evacuation 
decision, departure date, and reentry date of the evacuees. A summary of the rate of evacuation by 
each evacuation order type is shown in Table 2. Based on our results, 57.92% of the people who 
received mandatory evacuation orders evacuated their homes while this ratio was considerably 
lower for people who received voluntary evacuation or no evacuation order (33.68% and 32.98%, 
respectively). These results are in accordance with the results of a telephone poll conducted on 
October 17, 2017, that showed 57% of people followed the mandatory evacuation order and in 
general, 33% of the Floridians were evacuated their home 41. 
 

Table 2. Evacuation decision based on the evacuation order received 
 No Evacuation 

Order 
Voluntary 

Evacuation Order 
Mandatory Evacuation 

Order Entire State 
 Number Ratio Number Ratio Number Ratio Number Ratio 

Evacuated 187285 32.98 38524 33.68 72628 57.92 298437 36.95 
Not Evacuated 380547 67.02 75868 66.32 52771 42.08 509186 63.05 

Total 567832 100 114392 100 125399 100 807623 100 

5.2. Departure and Reentry Date Distribution 

Departure and reentry date choices are becoming increasingly important for the emergency and 
transportation practitioners as well as state and government agencies. We tried to estimate the 
departure and reentry date distribution by employing the method discussed previously on our LBS 
dataset. We acknowledge that this approach might have some deficiencies in capturing the actual 
departure and reentry date accurately for the devices that lost their connections to the network 
either due to power outage or losing cell network services during and after hurricane landfall. 
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Figure 5. Relationship between departure date and the date that evacuation order was 

issued 
5.3. Destination Choice: Distance to Shelter 

The overall distribution of distance to shelter followed a similar trend among evacuees who 
received various evacuation orders. However, on average, evacuees who received mandatory 
evacuation order traveled to farther locations. The trend is shown in Figure 6.  While about 43% 
of the evacuees who received voluntary evacuation order or no order at all decided to choose 
shelters within 20 miles radius of their residential locations, 35.47% of evacuees who received 
mandatory evacuation order stayed within 20 miles radius of their home. A possible reason for this 
observation might be that people who received mandatory evacuation orders may have not felt 
safe remaining in their neighborhood regions. The distance distribution also showed that the 
greater number of evacuees decided either to select shelters within a 20-mile radius of their 
residential area or to travel to further locations with distances more than 100 miles. It implies that 
evacuees tend to either choose a close shelter within their neighborhood or travel farther away to 
get to their perceived safe places. 
 

 
Figure 6. Distribution of shelter distance to the home locations 
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Figure 8. Evacuation duration distribution among different order groups 

 

 
Figure 9. Average of evacuation duration at the county level 

5.5. Impact of Low-Lying Residential Area 

We investigated the impact of low-lying residential areas on individuals’ evacuation decisions. As 
there is no solid definition for low-lying areas, we categorized individuals into three classes based 
on the elevation of their residential area; elevation less than 10 meters, elevation between 10 meters 
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issued 
5.3. Destination Choice: Distance to Shelter 

The overall distribution of distance to shelter followed a similar trend among evacuees who 
received various evacuation orders. However, on average, evacuees who received mandatory 
evacuation order traveled to farther locations. The trend is shown in Figure 6.  While about 43% 
of the evacuees who received voluntary evacuation order or no order at all decided to choose 
shelters within 20 miles radius of their residential locations, 35.47% of evacuees who received 
mandatory evacuation order stayed within 20 miles radius of their home. A possible reason for this 
observation might be that people who received mandatory evacuation orders may have not felt 
safe remaining in their neighborhood regions. The distance distribution also showed that the 
greater number of evacuees decided either to select shelters within a 20-mile radius of their 
residential area or to travel to further locations with distances more than 100 miles. It implies that 
evacuees tend to either choose a close shelter within their neighborhood or travel farther away to 
get to their perceived safe places. 
 

 
Figure 6. Distribution of shelter distance to the home locations 
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a. Knowledge sharing with disaster preparedness and 
response partners
b. Online course for mobility data analysis


