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Abstract

The 2017 hurricane season devastated much of the U.S. gulf coast with two of the worst
hurricanes in history: Harvey (107 deaths, $125B in damages) and Irma (134 deaths, $50B in
damages). Despite extensive warnings, most affected residents did not evacuate their homes be-
fore the storms hit, complicating rescue and recovery efforts. Combining a large GPS dataset for
2.7 million smartphone users in Florida and Texas with U.S. Census demographic data and 2016
U.S. Presidential election precinct-level vote counts, we empirically examine hurricane evacua-
tion behavior and its determinants. Using a spatial regression-discontinuity design, we measure
the causal impact of hurricane advisories by comparing evacuation rates for residents living
just on opposite sides of county boundaries who received differential alerts. A hurricane watch
causally increases rapid evacuations—those within 24 hours of an official alert—by 6 percentage-
points compared to no watch, and by 4 percentage-points compared to a tropical storm watch.
Examining the role of trust in government hurricane advisories using a difference-in-difference
framework, Democrat/Republican vote share strongly predicts evacuation rates, but only after
the emergence of conservative-media dismissals of hurricane warnings. Clinton and Trump vot-
ers evacuated Hurricanes Matthew (October 2016) and Harvey (August 2017) at identical rates.
In September 2017, several prominent conservative commentators questioned the motivation be-
hind government-led advisories for Hurricane Irma. Following this viral “hurricane trutherism”,
we estimate that 30% of Trump-voting Florida residents evacuated Irma compared to 44% of
Clinton voters after controlling for key demographic and geographic covariates, highlighting one
cost of political polarization.
Keywords: hurricane evacuations, fake news, political polarization, regression discontinuity

Introduction

The 2017 Atlantic hurricane season was the costliest on record, with damages exceeding $125

billion following Hurricane Harvey, $50 billion following Hurricane Irma, and $90 billion following

Hurricane Maria [1]. These storms directly caused hundreds of deaths and, indirectly, thousands

more due to slow recovery efforts, lack of sanitation, and reduced access to medical services. Such

devastating hurricanes highlight the urgent need for improved coordination among local, state, and
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national agencies, and greater public confidence in advance warning systems [2].

The National Hurricane Center (NHC), a branch of the National Oceanic and Atmospheric

Administration (NOAA), is the primary U.S. agency responsible for analyzing hurricanes. A hur-

ricane’s category measures wind speed, ranging from category 1 (74-95 mph) to 5 (>156 mph),

with lower grade cyclones considered “tropical storms” (39-73 mph). NHC provides forecasts to

the public and issues “watches” (48 hours before possible landfall) and “warnings” (36 hours before

expected landfall). These alerts are occasionally accompanied by state or local evacuation orders

directed to specific populations (e.g., residents of coastal or low-lying areas, and those living in

mobile homes) given the elevated risks of storm surge, flooding, and wind-related damages.

Survey evidence suggests that many factors contribute to low evacuation rates, even during

Category 4 and 5 hurricanes [3]. Residents may be unable to evacuate an approaching hurricane

due to limited mobility, lack of access to transportation or alternative sheltering, or misinformation

about the storms severity, while others choose to not evacuate because of a mistrust of hurricane

reporting, the need to care for pets, or fear of property damage or looting [4].

Predicting who evacuates a hurricane has been investigated in several studies, as reviewed in

[3]. A 2004 survey of 1,995 households following Hurricane Ivan finds that evacuation behavior was

influenced by home location and structure type, household income and education level, and other

factors [5]. Distance to coast, as expected, influenced one’s decision to evacuate Hurricanes Lili

[6] and Ike [7]; expected wind impact also correlated with evacuation decisions during Hurricanes

Katrina and Rita [8]. In general, demographics were found to be less predictive of evacuation

behavior [3], with the exception of households containing children [4, 9]. Extensive prior experience

with hurricanes, as South Carolina residents endured in the late 1990s, may propel individuals to

follow future evacuation recommendations [10]. False alarms can backfire, however, as those who

previously faced an unnecessary evacuation report being less likely to evacuate a future hurricane

[11].

Official hurricane warnings have been shown to positively correlate with stated evacuation

intentions [7, 3, 8], corroborating a seminal paper by Baker [12]. These studies, however, universally

rely on questionnaires regarding a hypothetical hurricane [3] or post-landfall surveys about prior

evacuation decisions, often administered months or years after the incident hurricane struck [9].

A review of these studies [13] emphasizes that evacuation decisions result from an individual’s

interpretation of the storm warning, the subjective assessment of risk to person or property, and

the encoding of this information to make a rational-choice.
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Despite the central role of advanced hurricane warnings in mitigating storm risk, to our knowl-

edge no study has empirically estimated the causal impact of such interventions. We do so here

by exploiting spatial discontinuities in the roll out of hurricane watches and warnings, using a

regression-discontinuity (RD) design. We compare residents receiving identical news and facing

similar storm risk, but who live just on opposite sides of a storm alert boundary that tracks, for

example, a county line. Under plausible and testable assumptions on the continuity of demograph-

ics across these boundaries, this RD analysis estimates the direct causal effect of a hurricane alert

on evacuation behavior [14].

Further complicating evacuation management, in 2017 the political polarization of hurricanes

spiked, with many conservative news outlets claiming that hurricane warnings were another example

of liberal “fake news. On September 5, 2017, conservative radio host Rush Limbaugh publicly

questioned the severity of Hurricane Irma and motivation behind government advisories, despite

the recent destruction and death toll in Texas and Louisiana following Hurricane Harvey.

. . . So there is a desire to advance this climate change agenda, and hurricanes are one

of the fastest and best ways to do it. You can accomplish a lot just by creating fear

and panic. You don’t need a hurricane to hit anywhere. All you need is to create the

fear and panic accompanied by talk that climate change is causing hurricanes to become

more frequent and bigger and more dangerous, and you create the panic, and it’s mission

accomplished, agenda advanced. . . . I’ve lived here since 1997, and I have developed a

system that I trust, my own analysis of the data.

- Rush Limbaugh [15]

While Limbaugh eventually evacuated his Palm Beach, Florida home on September 8, 2017,

his dismissal of government warnings represented a discrete change in the politicization of disaster

warnings in the United States. Shortly after Limbaugh’s show aired, conservative commentator

Ann Coulter also questioned the reported severity of Hurricane Irma, sparking thousands of both

supportive and outraged comments on Twitter [16]. This emerging skepticism of hurricanes was

publicized by several news outlets [17, 18, 19]. A Google Trends search over a five-year period

confirms both the novelty and virality of this hurricane skepticism, peaking just before Hurricane

Irma made landfall in Florida (Appendix Figure S1).

Prior to Limbaugh’s statements, only occasional instances of “hurricane trutherism” existed

on right-wing blogs, making comparisons before and after his statements a useful difference-in-

difference measure of partisan effects on evacuation behavior. Specifically, we measure the dif-
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ference in evacuation propensity between Democrats and Republicans—both before and after the

politicization of hurricane risk assessment—to examine whether ideology affects trust in government

disaster warnings. We employ a similar approach as [20], who estimate the cost of post-election

political polarization on close family ties through abbreviated Thanksgiving dinners among cross-

party families following the divisive 2016 election.

Our study contributes to the growing literature on the role partisanship plays in news receptivity

and biased belief formation. Allcott and Gentzkow find that both Democrats and Republicans were

more likely to believe “fake news” stories about the 2016 election if those stories matched their

political views [21]. Kahan et al. find that this divide widens among those measuring high in

science literary and numerical ability, suggesting that partisan disagreements might persist even as

scientific evidence accumulates [22]. Some research, however, suggests that reducing susceptibility

to polarizing misinformation may be possible by flagging low-quality news sources [23].

Surveys show that beliefs about climate change—and its impact on increasing storm severity—

display a political ideological divide: 60% of liberal Democrats but only 19% of conservative Repub-

licans believe that climate change will result in more severe storms [24]. Parallel ideological divides

appear in hypothetical responses to a warning of an impending hurricane [25], or a government

evacuation order [26]. Our study demonstrates that beyond simply altering stated beliefs about

climate change, partisan hurricane skepticism shifts people’s willingness to take personally-relevant

protective measures, such as evacuating an oncoming hurricane.

In this paper, we empirically examine evacuation patterns for Hurricanes Matthew, Harvey,

and Irma. Our full dataset consists of GPS location coordinates for more than 30 million U.S.

smartphone users. Our study is the first to observe actual evacuation behavior for millions of

residents hit by at least one major hurricane. Whereas surveys may suffer from biases, such as

imperfect recall of evacuation timing or ex-post rationalization of decisions, our location data

provide direct measurements of travel patterns during emergencies. Second, we empirically estimate

the causal impact of issuing a hurricane or tropical storm watch on rapid evacuation (i.e., within

24 hours), using a novel spatial RD design. Finally, we examine whether individuals who reside

in predominantly Democrat or Republican precincts—as measured by the 2016 election—differ

in actual hurricane evacuation behavior. We test whether this effect, controlling for spatial and

demographic factors, changes over time in response to a conservative-media hurricane-skepticism

movement that gained traction in the days before Hurricane Irma made landfall in 2017.
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Methods

Data Summary

Our primary dataset consists of anonymized smartphone location data for more than 30 million

U.S. residents, collected by the geospatial data firm SafeGraph. Each observation (known as a

“ping”) includes an anonymous user ID, date, time, latitude and longitude coordinates, and location

accuracy. Each smartphone typically generates pings multiple times per hour, with more frequent

pings (approximately every 5 seconds) if the smartphone is moving.

Dates and times of hurricane alerts are available from the National Hurricane Center (Appendix

Tables S1-S3) [27]. Demographic data at the census tract and block group level is from the 2012-16

American Community Survey while block data is from the 2010 U.S. Census. Variables include

residential density, median age, median household income, fraction with a college degree or higher,

employment rate, and race/ethnicity. Geographic variables include distance to the nearest coastline

[28] and elevation above sea-level [29]. Finally, we employ a dataset with the 2016 U.S. Presidential

election precinct-level results (the finest granularity legally permitted), specified as the two-party

vote share won by Donald Trump [30]. All variables are summarized in Table 1.

Definitions

We utilize a subset of the smartphone data over a period of approximately three weeks for each

hurricane analyzed, as follows. Alerts for Florida residents for Hurricane Irma were first issued on

September 7, 2017 (Appendix Figure S4) [27]. For each smartphone user (n = 1, 321, 571 for Irma),

we examine all pings over a one-week period, beginning 10 days before the first hurricane alert.

We compute a user’s “home area” as their modal location between 10:00 pm and 6:00 am over this

period, aggregated to a geohash-7 level, a spatial aggregate that preserves anonymity and has an

average accuracy of 76 meters. For Hurricanes Irma and Matthew, we include all smartphone users

in Florida; for Hurricane Harvey, we exclude users in Texas who live more than 300 kilometers from

the coast, as they did not receive any hurricane alerts and were not in the path of the storm.

A hurricane “evacuation” is defined as a smartphone user spending >24 continuous hours at

least 100 meters away from their home area, over a period beginning four days before the first alert

until four days after all alerts were discontinued (September 3-15, 2017 for Irma). This definition

captures both early evacuees and evacuations to nearby shelters, and uses a consistent window
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across the entire state of Florida. As a robustness exercise we consider a >48-hour definition,

summarized in Appendix Table S4. The smartphone data is similarly processed for Hurricane

Matthew in Florida (n = 378, 248, first alert on October 4, 2016) and Hurricane Harvey in Texas

(n = 1, 032, 525, first alert on August 23, 2017). Maps depicting >24-hour evacuations by voting

precinct are shown in Figure 1. The authors shall make evacuation data available upon request.

Empirical Specifications

Estimating the effect of a hurricane watch on evacuation behavior poses challenges due to endo-

geneity (e.g., observed wind or precipitation changes are correlated with the NHC’s timing of alerts

and may themselves trigger an evacuation) and omitted variable bias. News programming, social

media, peer-to-peer communications, and traffic congestion, for example, occur concurrently with

NHC alerts and may also affect evacuation propensity.

To address these issues, we propose a spatial regression discontinuity (RD) design, exploiting the

fact that NHC alerts are typically issued at the county-level. Conceptually, suppose two individuals

reside within a few blocks of one another—but in different counties—such that one receives a

hurricane watch 12 hours in advance of the other. We examine the extent to which the earlier alert

affects rapid evacuation behavior (i.e., within 24 hours). We focus on rapid evacuation because the

NHC typically upgrades hurricane watches to hurricane warnings within 12 to 24 hours, and we

aim to estimate the causal effect of the initial watch.

We estimate the following local-linear RD model:

Yi = τHurricaneWatchi + β0 + β1(Xi −Xc)

+ β2HurricaneWatchi × (Xi −Xc)

+ β3TrumpSharei + εi

where Yi corresponds to individual i evacuating within 24 hours of the hurricane watch, Xc refers to

the cut-off (i.e., the county border), Xi is the running variable (i.e., individual i’s home area), soXi−

Xc represents the distance between individual i’s home and the county border, and TrumpSharei

refers to the precinct-level two-party vote share won by Donald Trump during the 2016 Presidential

election. HurricaneWatchi is a binary variable indicating whether individual i resides in a county
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that received a hurricane watch:

HurricaneWatchi =


1 if Xi > Xc (hurricane watch occurs)

0 otherwise

The coefficient τ represents the local average treatment effect (of a hurricane watch versus no watch)

at the cut-off. The coefficients, β0, β1, and β2 represent the intercept, slope before the cut-off, and

slope after the cut-off, respectively. We follow the approach in [31] to estimate a covariate-adjusted

local-linear RD design, in which TrumpSharei is controlled for but β3 is not directly estimated.

While controlling for covariates is not strictly necessary, it is prudent to control for vote share

because our spatial discontinuities occur at political boundaries; our results do not substantively

change if this covariate is removed. We also test the identification assumption that neither vote

share nor demographic drivers of evacuation jump at county boundaries, and confirm that they

do not for either precinct votes shares nor census block-group demographics. Our RD estimator

includes individuals living within a “bandwidth” of the border, where bandwidth selection is based

on MSE-optimal point estimation, and linearly weights observations using a triangular kernel.

We employ this RD specification for Hurricane Irma, using the border between Martin (n =

11, 208) and Palm Beach (n = 83, 707) counties in Florida (Appendix Figure S2). We consider

other potential RD sites, but these are either too sparsely populated at the county boundary (e.g.,

Dixie and Levy counties), or have covariates that differ discontinuously across the county border

(e.g., Pinellas and Manatee counties are separated by Tampa Bay and the 7 km long Sunshine

Skyway Bridge, and display different demographics on either side of the bridge).

We use a similar specification for Hurricane Harvey, with the border between Galveston (n =

28, 437) and Brazoria (n = 26, 510) counties as the discontinuity (Appendix Figure S3). On August

23, 2017 at 10:00 am, Brazoria County received a hurricane watch and neighboring Galveston

County received a tropical storm watch. In this case, the local average treatment effect refers to

the difference between a hurricane watch and tropical storm watch on rapid evacuations.

To examine whether evacuation behavior differs by likely political affiliation, we use the following

logistic regression:

ln

(
p

1 − p

)
= αAlerti + δTrumpSharei + βXi + εi

where p is probability of any >24-hour evacuation during the hurricane. Alerti includes categorical
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Table 1: Variable definitions and hurricane statistics.

Variable Matthew Harvey Irma

Evacuated Home for > 24 Hours 16.4% 32.7% 37.2%
Evacuated Home for > 48 Hours 13.4% 25.9% 31.1%
Hurricane Watch Received 34.6% 8.8% 73.1%
Hurricane Warning Received 34.6% 4.5% 73.1%
Tropical Storm Watch Received 43.8% 31.3% 0.0%
Tropical Storm Warning Received 18.1% 36.1% 0.0%
Distance to Coast (km) 22.7 116.7 20.8
Elevation (m) 3.9 33.4 3.6
Residential Density

Urban 88.4% 74.3% 88.0%
Suburban 3.4% 7.6% 3.4%
Rural 8.2% 18.0% 8.5%

Census Demographics
Median Age 41.0 35.8 41.9
Median Household Income ($ 000s) 56.4 67.2 57.6
College Degree 28.6% 30.7% 30.2%
Employment Rate 55.6% 60.7% 55.3%

Race/Ethnicity
Black 14.0% 9.4% 11.7%
Asian 2.8% 4.2% 2.7%
Hispanic 23.7% 34.7% 24.9%
White 58.4% 50.9% 59.7%

Trump Vote Share by Precinct 49.2% 52.3% 49.4%

Mean values reported by hurricane: n=378,248 (Matthew),
n=1,032,525 (Harvey), and n=1,321,571 (Irma).

variables for hurricane and tropical storm alerts for individual i, and TrumpSharei is as specified

previously. The vector Xi includes demographic, geographic, and census controls for individual i

(Table 1).

Results

Evacuation Rates

Of the 1.3 million smartphone users in our 2017 Florida sample, 37% evacuated their home for >24

hours during Hurricane Irma and 31% evacuated for>48 hours (Table 1). Approximately 73% reside

in counties receiving hurricane watches, which were all subsequently escalated to hurricane warnings

12-24 hours later. In Texas, Hurricane Harvey saw similar evacuation rates (33% evacuated for >24
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hours and 26% evacuated for >48 hours). Only 9% of the 1.0 million users in our dataset received

a hurricane watch or warning, and nearly 45% of these residents evacuated. Harris County, which

includes Houston, received only a tropical storm watch and warning, yet one-third of residents

evacuated. Among Texas residents who live within 300 km of the coast but did not receive any

official storm alerts, 30% still chose to evacuate, potentially contributing to traffic congestion and

shelter capacity shortages. Only 16% of the 378,000 Florida residents in our 2016 dataset evacuated

for >24 hours during Hurricane Matthew, in part because fewer residents (35%) lived in counties

receiving a hurricane watch/warning.

Substantial variation exists in evacuation rates across all three hurricanes, even among geo-

graphically proximate regions (Figure 1). During Irma, for example, evacuation rates in Broward

County averaged 40% among the 141,092 individuals in our sample. However, evacuations ranged

from 20% to 78% among precincts within 5 km of the coast, an area at high-risk of strong winds,

storm surge, and flooding. In Nueces County, Texas, more than half of the 23,727 residents in our

sample evacuated during Hurricane Harvey, with rates ranging from 23% to 64% among precincts

within 5 km of the coast.

Causal Effect of Hurricane Alerts

A discontinuity analysis of the causal impact of hurricane watches is possible when neighboring

counties that received different alerts share a densely populated boundary, a situation that occurred

once during Irma. On September 7, 2017 at 11:00 am, residents of coastal Palm Beach County,

Florida received the first hurricane watch for Irma, while neighboring coastal Martin County had

not yet received any alerts (Appendix Figure S2). Following [31], we estimate the optimal RD

bandwidth to include residents living within 7.8 km of the county border. Within this Florida

sample, a hurricane watch causally increases the probability of evacuating by approximately 6

percentage-points (p = 0.000064) (Table 2). That is, Palm Beach residents were discontinuously

more likely to evacuate in the 24 hours following their county’s hurricane watch, compared to their

geographically proximate Martin County neighbors. This suggests that a hurricane watch causally

and significantly increases evacuation rates, rather than simply being spatially and temporally

coincident with imminent hurricane danger.

One similar discontinuity occurred during Hurricane Harvey. Before landfall in Texas, the first

storm alerts were issued on August 23, 2017 at 10:00 am. Residents of coastal Brazoria County

received a hurricane watch, while neighboring Galveston County received a lower-grade tropical
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Table 2: Spatial regression discontinuity to estimate causal effect of hurricane
watch on rapid evacuation rate.

Harvey Irma

Hurricane Watch Received 0.038 0.058
(0.015) (0.015)

p = 0.013 p = 0.000064
Trump Vote Share Control Yes Yes

Alert Time and Type Aug 23, 2017 10:00 am Sep 7, 2017 11:00 am
Treated Hurricane Watch Hurricane Watch
Untreated Tropical Storm Watch None

Location of Alert
Treated Brazoria County, TX Palm Beach County, FL
Untreated Galveston County, TX Martin County, FL

Bandwidth (km)
Treated 2.6 7.8
Untreated 2.6 7.8

Observations Included
Treated 1,489 6,178
Untreated 1,722 518

Standard errors in parentheses and p-values in italics. Dependent variable is
probability of rapid evacuation following alert. Bandwidth selection based
on MSE-optimal point estimation. Coefficients are covariate-adjusted for
precinct-level two-party vote share, and bias-corrected with a conventional
variance estimator [31].

storm watch at the exact same time (Appendix Figure S3). Using a similar RD approach, we

estimate that a hurricane watch causally increases the probability of rapid evacuation in Texas by

approximately 4 percentage-points, vis-à-vis a tropical storm watch (p = 0.013).

Political Affiliation

Using precinct-level vote shares as a proxy for likely political affiliations, Figure 2 illustrates the

raw differences in evacuation behavior between residents of Trump- and Clinton-majority precincts

across the three hurricanes. Comparing panels (a)-(b) with (c) demonstrates that Trump voters

evacuated at significantly lower rates during Irma—consistent with Republican-leaning skepticism

of hurricane risks—but at similar rates during both Harvey (one month prior in Texas) and Matthew

(one year prior in Florida).

Table 3 reports logistic regressions investigating the degree to which two-party vote share pre-

dicts evacuation behavior. Results indicate that differences in evacuation rates are not explained
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Table 3: Logistic regression for any >24-hour evacuation before or during
the hurricane.

Independent Variable Matthew Harvey Irma

Trump Vote Share 1.014 1.040 0.537***
(0.038) (0.016) (0.008)

Hurricane Watch Received 1.279*** 0.940*** 1.949***
(0.018) (0.012) (0.150)

Hurricane Warning Received 2.209*** 0.651***
(0.040) (0.050)

Tropical Storm Watch Received 0.774*** 0.896***
(0.010) (0.011)

Tropical Storm Warning Received 1.042 1.047*
(0.017) (0.015)

Constant 0.432*** 0.562*** 1.057*
(0.021) (0.014) (0.023)

Geographic Controls Yes Yes Yes
Demographic Controls Yes Yes Yes

Observations 371,037 1,014,389 1,291,755

∗∗∗p < 0.0001, ∗∗p < 0.001, ∗p < 0.01. Odds ratios reported with
standard errors in parentheses. Geographic controls include linear and
quadratic terms for distance to coast and elevation. Demographic con-
trols include residential density, median age, median household income,
college graduation rate, employment rate, and race/ethnicity.

by obvious spatial or demographic covariates. Comparing results for Hurricanes Matthew and

Harvey—before Limbaugh denounced hurricane preparedness—versus Irma supports the emergence

of partisan behavior differences following Limbaugh’s comments. A likely Trump voter was 14

percentage-points less likely (30% vs. 44%) to evacuate during Irma than a demographically simi-

lar Clinton voter (OR = 0.537, p < 0.0001), with no significant difference during either Matthew or

Harvey. Essentially a difference-in-difference estimate, this 14 percentage-point effect can be inter-

preted as a conservative estimate of the causal effect of partisan skepticism on hurricane evacuations.

Although evacuation rates among Trump and Clinton precincts were not statistically significantly

different for Hurricanes Matthew and Harvey at the 1%-level, if we include this difference, the

measured effect size increases to approximately 15 percentage-points.

As a robustness test, we consider a narrower definition of evacuation as leaving home for more

than 48 hours during the hurricane. Although 3-7% fewer people evacuate under this definition, our

general findings remain unchanged with Trump voters again less likely to evacuate for >48 hours
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(OR = 0.479, p < 0.0001), with significant differences only during Hurricane Irma (Appendix

Table S4). With this definition, an estimated 24% of likely Trump voters evacuated during Irma,

compared to 39% of Clinton voters.

Discussion

Rising ocean temperatures are expected to increase the frequency and intensity of hurricanes, trig-

gering greater rainfall, flooding, and wind speeds—a longstanding scientific consensus [32, 33]—all

of which have increasingly occurred in recent storm seasons [34]. While climate science and hurri-

cane forecasting models have steadily improved [35], research on human responses to government

warnings and news media reports has relied on post-storm surveys in affected areas or question-

naires about hypothetical storms. These methods have the potential for survivorship bias, imperfect

recall of evacuation timing, or desire to report the “correct response” to an approaching hurricane

[36].

Our study is the first to directly examine hurricane evacuation behavior by systematically

measuring geospatial movement patterns for millions of smartphone users. Linking this dataset

with detailed demographic, geographic, and voting data allows us to estimate the causal impact

of National Hurricane Center advisories. Evacuation percentages exceeded 60% in several Texas

counties (Aransas, Calhoun, Matagorda, Refugio, and San Patricio) that received hurricane watches

and warnings, versus 33% in the Houston area and Harris county, which received only a tropical

storm watch and subsequent warning. While discrete alerts escalations such as “hurricane” versus

“tropical storm” provide consistency and transparency, our RD analysis finds a significant causal re-

sponse difference between classifications, amounting to a 4-percentage point increase in evacuations

during the initial 24 hours post-alert, comparable in size to the effect of receiving an evacuation

order [5]. More broadly, our RD analyses suggest that at least half of the observed correlation

between official hurricane alerts and evacuations represent causal changes in behavior.

Our study demonstrates that responses to hurricane alerts are strongly influenced by the sur-

rounding political and media environment. Emergent partisan skepticism of climate science, hur-

ricane risks, and government-issued alerts drove an evacuation wedge between 2016 Trump and

Clinton voters, larger than most other available demographic predictors, and similar in magnitude

to the direct effect of receiving a hurricane watch. Although the long-term effects of such skepti-

cism remain unknown, improved outreach to key populations and enhanced communication of the
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potential dangers of hurricanes are warranted.

Our study has several limitations. Although our dataset measures the movement patterns of

millions of residents in Florida and Texas, we only observe smartphone users, which likely under-

weights some people (e.g., older residents) and includes residents ineligible to vote, (e.g., those

under age 18, foreign nationals, and ex-felons) which likely biases our vote measures. Because

our dataset covers U.S. residents over 2016 and 2017, we restrict our analysis to three major

U.S. hurricanes, potentially limiting the generalizability of our results to non-U.S. locations or

lower-category tropical cyclones. We measure an “evacuation” as departing one’s home for >24

hours during the storm; however it is possible that someone left their home but remained in a

high-risk area. For robustness we repeat our analysis using a >48-hour definition of evacuation,

which does not meaningfully change any results. In addition to NHC-issued hurricane watches and

warnings, state and local agencies can issue mandatory evacuations, typically targeted to specific

home structures, such as mobile homes, or regions, such as homes bordering a lake. Because the

location accuracy of an individual’s home in our data is limited for privacy purposes to a geohash-7,

we cannot systematically examine how such detailed orders affect evacuation rates.

Advisories issued by the National Hurricane Center prompt rapid evacuation in focal coun-

ties, with two-thirds of evacuations occurring before or within 24 hours of an issued watch, and

nearly 90% of evacuations occurring within 48 hours, suggesting that evacuees typically respond

quickly to official alerts. Many factors undoubtedly contribute to an individual evacuating an ap-

proaching hurricane, including physical ability, access to transportation and alternative sheltering,

and perceived risks. Hurricane Irma demonstrated an additional contributing factor: the news

media’s portrayal of hurricane reporting and government-issued alerts. Reaching the majority of

residents who stay behind despite extensive warnings will require managing the public’s trust in

vital hurricane information.
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Figure 1: Fraction of residents (by voting precinct) with >24-hour evacuation from home during
hurricane.

(a) Hurricane Matthew (October 2016)

(b) Hurricane Harvey (August 2017)

(c) Hurricane Irma (September 2017)
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Figure 2: Kaplan-Meier failure curves for probability of any >24-hour evacuation from home
during hurricane.

(a) Hurricane Matthew (October 2016)
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Appendix

Figure S1: News interest in public comments made by Rush Limbaugh and Ann Coulter before
Hurricane Irma.

(a) The Rush Limbaugh Show (September 5, 2017)

(b) Washington Post (September 6, 2017)
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(c) CNN (September 8, 2017)

(d) Ann Coulter on Twitter (September 10, 2017)
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(e) USA Today (September 13, 2017)
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(f) Google Trends over 5 years (January 2014-December 2018)
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Figure S2: Spatial regression discontinuity design for Hurricane Irma.

(a) Border between Martin and Palm Beach counties, Florida (source: Google Maps)

(b) Scatterplot of residents in Martin and Palm Beach counties, Florida
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Figure S3: Spatial regression discontinuity design for Hurricane Harvey.

(a) Border between Galveston and Brazoria counties, Texas (source: Google Maps)

(b) Scatterplot of residents in Galveston and Brazoria counties, Texas
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Figure S4: Dates and times of National Hurricane Center alerts for (a)-(b) Hurricane Irma and
(c)-(f) Hurricane Harvey.

(a) Hurricane Watches for Irma (b) Hurricane Warnings for Irma

(c) Hurricane Watches for Harvey (d) Hurricane Warnings for Harvey

(e) Tropical Storm Watches for Harvey (f) Tropical Storm Warnings for Harvey
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Table S1: Dates and times of National Hurricane Center alerts for Hurricane Matthew.

Florida County Tropical Storm Watch Tropical Storm Warning Hurricane Watch Hurricane Warning

BREVARD 10/4/16 11:00 10/5/16 11:00
BROWARD 10/4/16 11:00 10/4/16 17:00 10/4/16 23:00
CHARLOTTE 10/5/16 17:00
CITRUS 10/5/16 17:00 10/6/16 11:00
COLLIER 10/4/16 11:00
DUVAL 10/5/16 05:00 10/5/16 23:00
FLAGLER 10/5/16 05:00 10/5/16 23:00
GLADES 10/4/16 11:00 10/4/16 19:45 10/4/16 23:00
HENDRY 10/4/16 11:00 10/4/16 19:45 10/4/16 23:00
HERNANDO 10/5/16 17:00 10/6/16 11:00
HILLSBOROUGH 10/5/16 17:00
INDIAN RIVER 10/4/16 11:00 10/4/16 23:00
LEE 10/5/16 17:00
LEVY 10/5/16 17:00 10/6/16 11:00
MANATEE 10/5/16 17:00
MARTIN 10/4/16 11:00 10/4/16 23:00
MIAMI-DADE 10/4/16 11:00 10/4/16 23:00
MONROE 10/4/16 11:00 10/4/16 23:00
NASSAU 10/5/16 05:00 10/5/16 23:00
OKEECHOBEE 10/4/16 11:00 10/4/16 19:45 10/4/16 23:00
PALM BEACH 10/4/16 11:00 10/4/16 23:00
PASCO 10/5/16 17:00 10/6/16 11:00
PINELLAS 10/5/16 17:00
SARASOTA 10/5/16 17:00
ST. JOHNS 10/5/16 05:00 10/5/16 23:00
ST. LUCIE 10/4/16 11:00 10/4/16 23:00
VOLUSIA 10/4/16 23:00 10/5/16 11:00
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Table S2: Dates and times of National Hurricane Center alerts for Hurricane Harvey.

Texas County Tropical Storm Watch Tropical Storm Warning Hurricane Watch Hurricane Warning

ARANSAS 8/23/17 10:00 8/24/17 04:00
BRAZORIA 8/24/17 04:00 8/23/17 10:00
CALHOUN 8/23/17 10:00 8/24/17 04:00
CAMERON 8/23/17 10:00 8/26/17 10:00 8/24/17 04:00
CHAMBERS 8/23/17 10:00 8/24/17 04:00
GALVESTON 8/23/17 10:00 8/24/17 04:00
HARRIS 8/23/17 10:00 8/24/17 04:00
JACKSON 8/23/17 10:00 8/24/17 04:00
JEFFERSON 8/26/17 10:00
KENEDY 8/23/17 10:00 8/24/17 04:00
KLEBERG 8/23/17 10:00 8/24/17 04:00
MATAGORDA 8/23/17 10:00 8/24/17 04:00
NUECES 8/23/17 10:00 8/24/17 04:00
ORANGE 8/26/17 10:00
REFUGIO 8/23/17 10:00 8/24/17 04:00
SAN PATRICIO 8/23/17 10:00 8/24/17 04:00
VICTORIA 8/23/17 10:00 8/24/17 04:00
WILLACY 8/23/17 10:00 8/26/17 10:00 8/24/17 04:00
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Table S3: Dates and times of National Hurricane Center alerts for Hurricane Irma.

Florida County Tropical Storm Watch Tropical Storm Warning Hurricane Watch Hurricane Warning

BREVARD 9/11/17 08:00 9/8/17 11:00 9/9/17 05:00
BROWARD 9/10/17 23:00 9/7/17 11:00 9/7/17 23:00
CHARLOTTE 9/11/17 05:00 9/7/17 23:00 9/8/17 17:00
CITRUS 9/11/17 08:00 9/8/17 17:00 9/9/17 05:00
COLLIER 9/10/17 23:00 9/7/17 11:00 9/7/17 23:00
DIXIE 9/11/17 08:00 9/8/17 23:00 9/9/17 11:00
DUVAL 9/11/17 08:00 9/8/17 23:00 9/9/17 11:00
FLAGLER 9/11/17 08:00 9/8/17 23:00 9/9/17 11:00
FRANKLIN 9/11/17 08:00 9/8/17 23:00 9/9/17 17:00
GLADES 9/11/17 05:00 9/7/17 11:00 9/7/17 23:00
HENDRY 9/11/17 05:00 9/7/17 11:00 9/7/17 23:00
HERNANDO 9/11/17 08:00 9/8/17 17:00 9/9/17 05:00
HILLSBOROUGH 9/11/17 05:00 9/8/17 11:00 9/8/17 23:00
INDIAN RIVER 9/11/17 05:00 9/7/17 23:00 9/8/17 17:00
JEFFERSON 9/11/17 08:00 9/8/17 23:00 9/9/17 17:00
LEE 9/11/17 05:00 9/7/17 23:00 9/8/17 17:00
LEVY 9/11/17 08:00 9/8/17 17:00 9/9/17 11:00
MANATEE 9/11/17 05:00 9/7/17 23:00 9/8/17 17:00
MARTIN 9/11/17 05:00 9/7/17 23:00 9/8/17 17:00
MIAMI-DADE 9/10/17 23:00 9/7/17 11:00 9/7/17 23:00
MONROE 9/10/17 23:00 9/7/17 11:00 9/7/17 23:00
NASSAU 9/11/17 08:00 9/8/17 23:00 9/9/17 11:00
OKEECHOBEE 9/11/17 05:00 9/7/17 11:00 9/7/17 23:00
PALM BEACH 9/10/17 23:00 9/7/17 11:00 9/7/17 23:00
PASCO 9/11/17 08:00 9/8/17 17:00 9/9/17 05:00
PINELLAS 9/11/17 05:00 9/8/17 11:00 9/8/17 23:00
SARASOTA 9/11/17 05:00 9/7/17 23:00 9/8/17 17:00
ST. JOHNS 9/11/17 08:00 9/8/17 23:00 9/9/17 11:00
ST. LUCIE 9/11/17 05:00 9/7/17 23:00 9/8/17 17:00
TAYLOR 9/11/17 08:00 9/8/17 23:00 9/9/17 11:00
VOLUSIA 9/11/17 08:00 9/8/17 11:00 9/9/17 05:00
WAKULLA 9/11/17 08:00 9/8/17 23:00 9/9/17 17:00

Note: Hurricane warnings were downgraded to Tropical Storm warnings on September 10-11, after much
of the hurricane had passed. These downgraded alerts are not used in the logistic regressions results on
evacuations.
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Table S4: Logistic regression for any >48-hour evacuation before or dur-
ing the hurricane.

Independent Variable Matthew Harvey Irma

Trump Vote Share 0.937 1.018 0.479***
(0.038) (0.016) (0.008)

Hurricane Watch Received 1.262*** 0.931*** 2.061***
(0.019) (0.013) (0.172)

Hurricane Warning Received 2.234*** 0.604***
(0.042) (0.051)

Tropical Storm Watch Received 0.780*** 0.894***
(0.011) (0.012)

Tropical Storm Warning Received 1.031 1.103***
(0.019) (0.017)

Constant 0.373*** 0.448*** 0.852***
(0.020) (0.012) (0.019)

Geographic Controls Yes Yes Yes
Demographic Controls Yes Yes Yes

Observations 371,037 1,014,389 1,291,755

∗∗∗p < 0.0001, ∗∗p < 0.001, ∗p < 0.01. Odds ratios reported with
standard errors in parentheses. Geographic controls include linear and
quadratic terms for distance to coast and elevation. Demographic con-
trols include residential density, median age, median household income,
college graduation rate, employment rate, and race/ethnicity.
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