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Figure 1: Cyber and physical components of the proposed research framework. When a shock hits a community (1), cell phone
metadata is collected (2) and data mining and machine learning techniques are applied to model the community’s response to the
shock (3). The models are shared with decision makers (4) to develop effective, on-the-ground policy measures.

research contributions that attempt to predict behaviors during shocks, mostly due to the lack of longitudinal
data; and the few existing models, provide very inaccurate predictions with limited validation and contextual
information, making it very difficult for decision makers to use them [29, 82]. In this proposal, the PI will: (1)
develop methods to predict the mobility and resilience patterns of a community hit by a given type of shock,
using cell phone metadata across multiple occurrences of the same event so as to guarantee accuracy
and representativity; and (2) provide predictions that are informative and that contain contextual information
about the physical, social and shock environment.

Knowledge Transferability. The methods described in the two previous research objectives require
access to extensive collections of cell phone metadata before and during shocks. However, decision makers
might not always get access to all the required metadata. For example, it could be the case that an drought
happens in a region, and decision makers are able to access data only right after the shock takes place, or
only manage to gain access to georeferenced social media e.g., Twitter instead of cell phone metadata. In
this proposal, the PI will explore how transferable the types of behaviors identified or the predictive models
are, across types of shocks, space, time and data sources. Specifically, the PI is interested in understanding
whether the types of reactions or the predictive models computed for one shock in one region could be used
for the development of preparedness and response policies in other shocks or at other regions; and in
quantifying the information loss that would take place when knowledge is transferred. The work in this area
is very limited with only a few papers focused on simulation of mobility patterns, not resilience [16, 31, 82].

3 Research Plan
3.1 Characterization of human response to shocks
The main objective of this research thrust is to extract behavioral patterns that will assist decision makers in
understanding how people respond to shocks and how resilient affected communities are. For that purpose,
the PI will develop novel data mining and machine learning methods to characterize human mobility and
community resilience during shocks using cell phone metadata from the affected population and contextual
information characterizing the physical and social environment. These methods will allow decision makers
to answer questions such as: during a shock, do people go to where official resources are placed? do
people go to where their families are? or, how long does it take for e.g., low-income communities, to recover
normality after a shock? Retrieving such information is critical for decision makers so as to understand how
to develop effective preparedness policies to respond to future occurrences of a given shock. Finally, the
PI will design interactive data-based maps for decision makers to be able to visually explore behaviors and
contexts during shocks. The maps will be designed and evaluated in collaboration with the United Nations
(UN). The PI has extensive experience working with decision makers at both the UN and the World Bank.
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of the evacuation flows, we aim to find out if the evacuation flows are a↵ected or cor-

responding to geographic variances. To the best of our knowledge, our study is the

first that uses Twitter data to model the evacuation flows in a large geographic area

across states and to incorporate contextual features to examine potential factors on

population evacuation movements.

3 Phases of Hurricane Irma
Evacuation behaviors mostly start from the forecast of a hurricane to the day before

it lands [13], although the exact evacuation time can vary. Following that, the

evacuees move back to their home locations when it is safe, which we name as

re-entry in this paper. Evacuation behaviors can happen from the forecast of the

hurricane to several days after the hurricane leaves. To di↵erentiate the evacuation

and re-entry behaviors, we identify the following phases of hurricane Irma based on

its tracking positions [11].

Aug 15th Aug 30th Sep 9th Sep 12th Sep 27th

pre-hurricane preparation landfall recovery post-hurricane

Oct 12th

Figure 1 Track Positions for Hurricane Irma by NOAA

Pre-hurricane phase, which is the period of two weeks before the warning of the

hurricane. It is assumed that most of the people stay in their home places during

this period.

Hurricane preparation phase, which lasts from August 30th to September 9th. On

August 30th, the National Hurricane Center observed the form of Hurricane Irma

in the Atlantic Ocean and issued warnings about the potential incursion into the

US. We extend the time range to one day before the hurricane makes landfall in

the US.

Hurricane landfall phase, which is the time when Hurricane Irma landed on US

territory and decreased to tropical storms in the state of Georgia. It lasts from

September 10th to September 11th. We extend this phase with one day before

and after the dates (September 9th to the 12th) to account for people who might

evacuate immediately before the hurricane lands, or immediately after the hurricane

moves away.

Page 6 of 22

Hurricane recovery phase, which is two weeks after the hurricane’s landfall. After

hurricane leaves, the evacuees start to return to their home locations, although the

departure time can vary. Evacuees are highly probable to be in mobility status in

this phase.

Post-hurricane phase, which is two weeks after the hurricane recovery. People are

assumed to have returned back to their original places according to previous studies

on the evacuation behaviors [22].

Figure 1 shows the best tracking positions of hurricane Irma by US National

Oceanic and Atmospheric Administration (NOAA) [11]. The timeline below shows

how we define the phases of Irma in US territories.

4 Data Collection
We aimed to use large-scale geotagged tweets to model the evacuation flows during

Irma. The geotagged tweets are collected by using the Firehose API of Twitter. It

enables us to retrieve all tweets in the specified geographic boundaries and temporal

ranges.

Spatial Bounds. Figure 3 shows that Florida (FL) is the only a↵ected state

in Irma. However, due to the uncertainty of hurricane moving path, the states of

Georgia (GA) and South Carolina (SC) have been issued notice of warning, which

could lead to evacuation behaviors. Therefore, we aimed to observe the evacuation

behaviors of residents in these states. Previous studies [24, 25] show that the evac-

uation mobility follows the Levy-Walk model, where short distance trips are the

majority. Thus, we add the states that share a boarder with FL, GA and SC. The

spatial bounds are set to cover the states of North Carolina (NC), Tennessee (TN),

Southern Carolina (SC), Georgia (GA), Alabama (AL), and Florida (FL).

Temporal Bounds. In Section 3 we defined di↵erent phases of Irma that start

from August 15th to October 12th. We collected all geotagged tweets in the specified

spatial bounds during this time range.
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Figure 4 Overview of the State Level Flow

the geographic boundary file from US Census Bureau to define the urban and rural

boundaries [38].

FL
_u
rba
n

GA_urban

NC
_u
rb
an

SC_
urba

n
AL_urban FL_rural

GA_rural

NC_rural
SC

_rural AL_rural0
30
0

60
0

90
0

12
00

150
0

1800

21002400
27000

300

600

900

1200

1500

1800

0
30
0

60
0

90
0

12
00

0

300
0

300 0 300
600

0

300

0

300

0

300
0

FL
_ur
ban

GA_urban

NC
_u
rb
an

SC_
urba

n AL_urban FL_rural

GA_rural

NC_rural
SC

_ruralAL_rural0
30
0

60
0

90
0

12
00

150
0

1800

21002400
2700

0

300

600

900

1200

1500
1800

0
30
0

60
0

90
0

120
0

0

300
0 300 0

300

600 0

300

0

300

0
300

0

a. Pre-hurricane to landfall b. Landfall to post-hurricane 

Figure 5 Overview of the Rural Urban Flow at State Level

Figure 5 shows the evacuation flows and re-entry flows across urban and rural areas

of the five states. There is a common pattern in in-state evacuations: people tend

to move away from rural areas and stay in urban areas during landfall. Three states

have the highest number of people moving: (i) There are 7.12% of Florida residents

stay in rural areas, while 18.37% evacuate from rural to urban areas. Comparatively,

there are only 5.60% of residents who move from urban to rural areas, and 62.30%

of residents stay in urban areas. The majority of Florida residents choose urban

areas in landfall ; (ii) 23.01% of North Carolina people move from rural areas to

urban areas, while only 7.06% of people move from urban to rural areas; and (iii) in
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the geographic boundary file from US Census Bureau to define the urban and rural

boundaries [38].
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Figure 5 Overview of the Rural Urban Flow at State Level

Figure 5 shows the evacuation flows and re-entry flows across urban and rural areas

of the five states. There is a common pattern in in-state evacuations: people tend

to move away from rural areas and stay in urban areas during landfall. Three states

have the highest number of people moving: (i) There are 7.12% of Florida residents

stay in rural areas, while 18.37% evacuate from rural to urban areas. Comparatively,

there are only 5.60% of residents who move from urban to rural areas, and 62.30%

of residents stay in urban areas. The majority of Florida residents choose urban

areas in landfall ; (ii) 23.01% of North Carolina people move from rural areas to

urban areas, while only 7.06% of people move from urban to rural areas; and (iii) in

1.   HURRICANE	PHASES	AND	TWITTER	POPULATION  	 2.	EVACUATION	FLOWS	AT	STATE	AND	COUNTY	LEVEL		
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Georgia, 13.28% of the residents move from rural to urban areas, while only 4.21%

move from urban to rural areas.

Looking at the re-entry flows from landfall phase to post-hurricane, we observe

reverse trends with more people moving from urban areas to rural areas. Three

directions have the most number of people moving: (i) Florida-urban to Florida-

rural (13.45% of FL residents); (ii) North Carolina-urban to North Carolina-rural

(18.68% of NC residents), and (iii) Georgia-urban to Georgia-rural (12.32% of GA

residents). The trends correspond to the observations that people evacuate from

rural areas to urban areas before landfall. After the landfall phase, people return

back from urban areas to rural areas.

6.2 County Level Evacuation Flows

6.2.1 Characterization of Evacuation Flows

a. pre-hurricane to landfall b. landfall to post-hurricane 
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Figure 6 County Level Flow in Florida

State-level analysis shows that the majority of residents stay in the same state.

Evacuation flows show there are movement within states, and there are more people

evacuating from rural areas to urban areas in a state. However, we may fail to

capture the flows across counties that are both urban/rural, or that people stay in

the same county. To have an understanding of evacuation flows with finer spatial

granularity, we computed the county-level evacuation flows. Specifically, we focus

on evacuations in the state of Florida for two reasons. First, Florida has 1,769

observable Twitter users, which is the largest. Second, Florida is the most a↵ected

state since Irma made landfall in the Southern part of Florida. Only small areas of

other states were under the damaging force of Irma.

Fig. 6 shows a heatmap of the county level evacuation and re-entry flows in

Florida. Only counties that have incoming or outgoing mobility flows are shown

in the figure. Each grid corresponds to the number of people moving from their

origin county to a destination county. At the county level, we find that the majority

(69.40%) of people who stay in Florida stay in the same county, which means that

they do not have any evacuations.

3.	PREDICTION	OF	EVACUATION	FLOWS		

4.	BROADER	IMPACTS	

A.   Meteorological	Factors	
B.   Flooding	InformaMon	
C.   Census	(populaMon,poverty)	
D.   	EvacuaMon	Policy		
E.   FEMA	Assistance	Data 

3.2	MACHINE	LEARNING	MODEL:	
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characterize the socioeconomic status of counties. The data is collected from the

United States Department of Agriculture Economic Research Service [30]. Specifi-

cally, we extracted county-level population, poverty rate, and unemployment rate.

Evacuation Policy According to data from Florida’s Department of Emergency

Management (DEM) [31], there were 54 out of 67 counties that have issued evac-

uation orders in response to Irma. Forty-two counties have mandatory evacuation

orders, while the remaining ones only issued voluntary evacuation orders. We employ

the evacuation policy as a categorical feature that has three values: no evacuation,

voluntary evacuation, and forced evacuation. This feature is taken into account to

examine whether the evacuation policy has an impact on the evacuation flows.

FEMA Individual Assistance Housing Registrants Weather and flooding

area data characterize the intensity of Irma’s destructive force. However, these fea-

tures cannot reflect the actual damage caused by Irma. We use the reported number

of housing damage cases to measure the damage level per county. The data is col-

lected from the database of Individual Assistance Housing Registrants Large Dis-

asters by the Federal Emergency Management Agency (FEMA) [32]. The dataset

is of records of people who registered for the assistance of government due to house

damage during natural disasters. We compute the total number of property damage

cases per county.

5.3.2 Machine Learning Models

We formalize the prediction of evacuation flows as follows: given a county, Ui rep-

resents the features describing this county.

Ui = {ui,1, ui,2, · · · , ui,N}

where i indexes the counties, i.e., i = 1, 2, · · · 67. There are 67 counties in Florida.

For each pair of counties, we compute the joint features wk, as shown in 1. Each

joint feature is computed as the gravity transformation of the feature values from

origin and destination counties [33]. We take the feature values from the origin

county and the destination county, multiply the values and divide by the square of

the distance between these two counties. The distance is simplified as the distance

between their gravity centers. The idea behind this approach is that the number

of people evacuating from one county to another is not only dependent on the

contextual features of these two counties, but also depends on the interactions of

these two counties and the distance between them. The longer the distance, the

smaller the interaction e↵ects on evacuation flows.

wk =
Ui,k · Uj,k

dist2 (i, j)
(1)

where k indexes the features, i.e., k = 1, 2, · · ·N
The model takes features from the origin county and the destination county, and

the joint features of these two to predict the number of people in this evacuation

route. After the construction of features, we use Support Vector Machines (SVM),

Random Forest (RF), and the extreme gradient boosting regression (XGBoost) to

train models. The data is randomly split, with 75% samples as training and the
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The evacuation matrix is very sparse. Of the 4,422 pairs of counties, only 265 pairs

have observed people traveling between them. Orange County attracted the most

people, which takes 16.88% of Florida residents, from other counties during Irma’s

landfall. Consistently, in re-entry flows we observe the largest number of people

moving out of Orange County, which takes 14.00% of Florida residents. That helps

to prove that the mobility to Orange County could be related to Irma. It is possible

that the large urban areas in Orange County is the reason for people to choose

this county as a popular evacuation destination. Additionally, Orlando in Orange

County is a tourist city. It is possible that the city attracts people to visit even

when there is a hurricane.

6.2.2 Prediction of Evacuation Flows

In this section, we present the results of machine learning models for the prediction

of evacuation flows across counties in Florida. As our analyses have shown, the re-

entry flows show reverse patterns of evacuation flows. As a result, if we can predict

evacuation flows, re-entry numbers will be directly inferred.

We employ two sets of features. Set-2 is composed of U 0
i that removes the popula-

tion feature and normalizes all other features by its corresponding population, while

set-1 is composed of Ui. We build models of set-2 to identify how much variance in

evacuation flows can be explained by factors other than population and distance.

The evacuation flows across Florida counties are highly imbalanced, with the

majority pairs having no observed values. To mitigate this problem, we use a sub-

sampling method in model training by randomly taking out pairs of counties that

do not have any observed evacuation flows. A parameter k determines how many

samples with no evacuation flows are included in the model. If there are n pairs of

counties with no observed evacuation flows, we randomly take n ⇤ k samples that

do not have evacuation flows out of training data. The value of k that leads to the

best prediction results is chosen. K is selected from a range of 0 to 5. When k is 0,

it means we only use pairs that have evacuation flows.
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Figure 7 Averaged R-squared Values over Repetitive Experiments

Fig 7 shows the averaged R-squared values across repetitive experiments for mod-

els built on two sets of features. SVM-1, RF-1, and XgbTree-1 are built on set-1 that
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-XGBoost	offers	best	results	(72%)	
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damage	rates	(FEMA)	
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6.2.3 Interpretation of the Environmental Features

R-squared values show that environmental factors combined with population are

highly indicative of the evacuation flows across counties in Florida. In addition

to that, we are interested in examining what are the most important factors for

the prediction of evacuation flows other than population. We employ the SHAP

indicators to evaluate the impact of features on model output [35]. The SHAP

values are computed based on the XgbTree-2 since it achieves the best performance

on set-2.

Figure 9 SHAP Values of the Top 10 Features. (X.O refers to features of origin county, X.D
refers to features of destination county)

Overall feature importance. Fig. 9 shows the SHAP values for features that

have relatively higher importance in the prediction model. The features are ordered

according to the sum of impact over all test samples. Each SHAP value is computed

per prediction task and represented as a point in the figure. Positive SHAP values

indicate that the feature tend to push the predicted value high, while negative

SHAP values indicate the opposite impact.

We observe that distance between the origin and destination counties is the most

important indicator in prediction. Specifically, when the distance is short, the im-

pact on the output value is high and positive. While long distances tend to have neg-

ative impact on evacuation flows. Following distance, the most important features

are wind and precipitation features (AWND.D, PRCP.D, AWND.O, and WSF2.D).

Counter-intuitively, the intensity of wind and precipitation influence the output val-

ues positively, that means destinations with stronger wind or higher precipitation

tend to attract more people to evacuate to. However, we see that the wind intensity

of origin county also has positive impact, which means high wind intensity drives

more people to evacuate from their home. It seems that people are evacuating from

the destructive power of hurricane but the decisions on evacuation destinations do

not follow the same rule.

Other important features are the socioeconomic indicators of origin and desti-

nation counties. According to the SHAP values, when the poverty rate of origin

county is low, the SHAP values tend to be positive. The e↵ect of unemployment

rate is similar. Together they show that people from communities of high socioe-

conomic status tend to evacuate during Irma. The evacuation behaviors are also
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