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Abstract
Little is known about what foods/beverages (F&B) are common during natural disasters. 
The goal of this study was to track high-frequency F&B mentions during four hurricanes 
affecting the coast of South Carolina for quantifying dietary patterns in Twitter. A listing 
of common F&B (n = 173) was created from the top food sources of energy, fat, protein, 
and carbohydrate in the USA. A sampling of > 500,000 tweets containing hashtag names 
(e.g., #HurricaneFlorence) or actual names (e.g., “Hurricane Florence”) of the four hur-
ricanes was collected using Crimson Hexagon. ANOVA was used to examine differences 
in number of mentions in each food group pre- (6 days before), during (48 h of the hur-
ricane), and post-hurricane (6 days after). Descriptive statistics were used to examine the 
most frequently mentioned F&B (threshold defined as ≥ 4 mentions/day for each F&B item 
or 10% of the foods mentioned) and whether F&B were top sources of energy/macronutri-
ents. More than 5000 mentions of F&B were collected in our sample. Grains were the most 
frequently mentioned food group pre-hurricane, and dairy was most frequently mentioned 
during the hurricanes. The top five most commonly mentioned F&B overall were milk 
(n = 517), pizza (n = 511), turkey (n = 425), oranges (n = 384), and waffles (n = 346). Foods 
mentioned were commonly energy and protein dense. Five foods (pizza, waffles, milk, 
rolls, and bread) were categorized as a top contributor across energy and all three macro-
nutrients. Social media may be a unique way to detect dietary patterns and help inform 
public health social media campaigns to advise people about stocking up on healthy, non-
perishable foods ahead of natural disasters.
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1 Introduction

Every day, millions of users post messages on social media platforms, such as Twitter, 
Facebook, or Instagram (Smith 2019). While Facebook remains the most popular social 
media platform in the USA, all social media platforms have seen increased usage over the 
past decade, including Twitter (Smith and Anderson 2018). Nearly a quarter of all internet 
users are also Twitter users (Smith and Anderson 2018). Twitter is an online social net-
working platform that lets users submit posts that are 280 characters or less. Twitter, which 
has been in existence since 2006, has emerged as a powerful research tool for both behav-
ioral interventions and for observational data collection of human behaviors (Sinnenberg 
et al. 2017). This research has included using Twitter as a source of data and using Twitter 
to recruit and/or intervene on participants (Sinnenberg et al. 2017).

The purpose of this study was to utilize Twitter as a way to assess dietary patterns 
before, during, and after four natural disasters, including Hurricane Matthew 2016, Hur-
ricane Irma 2017, Hurricane Florence 2018, and Hurricane Michael 2018 that affected 
South Carolina and surrounding areas. The search was limited to these four major storms 
affecting a similar geographical area in order to control for potential regional food prefer-
ences. These storms caused significant financial and structural damage. For example, Hur-
ricane Florence caused an estimated $24 billion in damages to Virginia, North Carolina, 
and South Carolina when it made landfall on September 14, 2018 (Duncan 2019). Because 
of the widespread impact of these hurricanes and the need for preparation efforts ahead 
of landfall, hurricanes represent an opportune event to study the use of Twitter to detect 
dietary patterns and food mentions before, during, and after a natural disaster.

One area of Twitter-based research is characterized by health-related and behavioral 
topics, including nutrition and other food-related subjects (Sinnenberg et al. 2017). Twit-
ter has been used to identify food-borne illness reports and then encourage individuals to 
report these illnesses (Harris et al. 2017). Twitter has also been used to examine character-
istics of the neighborhood food environment (Nguyen et al. 2017), the relationship between 
obesity rates and geo-coded Twitter posts related to food intake (Gore et  al. 2015), the 
context in which food choices are made (Vidal et  al. 2015), the topics posted related to 
diet, diabetes, exercise, and obesity (Karami et al. 2018), or how certain food topics are 
discussed (Kuttschreuter and Hilverda 2019). In addition, researchers have examined what 
factors make Twitter messages about healthy eating more likely to be re-tweeted and shared 
across social networks (Zhou et al. 2018). Twitter has also been used to help users track 
food intake and examine the relationship between dietary and behavioral factors (Hingle 
et al. 2013).

Another area of Twitter-based research focuses on the use of the platform during natural 
disasters (Karami et  al. 2020; Guan and Chen 2014). Twitter was widely used as a way 
to disseminate crisis information during Hurricane Sandy (Wang and Zhuang 2017) and 
was one of the most discussed topics on Twitter, with 34% of all posts to Twitter during 
the 3 days around the storm being related to the hurricane (Heimlich 2012). In addition, 
Twitter was used to communicate time-sensitive and critical information during a historic 
flood that happened in the Midlands of South Carolina in 2015 (Brandt et  al. in press; 
Karami et al. 2019). Communities affected by natural disasters have come to rely on social 
media as a way to exchange information about rescue and recovery efforts (Finch et  al. 
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2016; Guskin and Hirtline 2012; Wang et al. 2016; Xiao et al. 2015). In addition, social 
media has been used to help victims, mobilize volunteers, and allow community mem-
bers to communicate efficiently during both natural disasters and human-made or terrorist 
situations (Bennett 2014; Scott and Errett 2018; Sutton et al. 2015). It can also be used to 
spread misinformation during times of crisis (Wang and Zhuang 2018).

There are important food and beverage (F&B) guidelines that should be followed before, 
during, and after a natural disaster, such as a hurricane. The Centers for Disease Control 
and Prevention (CDC) recommends that people have five gallons of water per person on 
hand in preparation of a hurricane (CDC 2017). Specifically related to food, the CDC rec-
ommends having non-perishable food on hand, that has a long shelf life, requires little to 
no cooking or refrigeration and is low salt and not spicy (CDC 2019). Alcohol intake may 
increase during stressful events, like hurricanes, and because alcohol impairs judgement, 
the CDC recommends alcohol be avoided during natural disasters (CDC 2014). The previ-
ous research has shown that alcohol usage also tends to increase post-hurricane among 
those who have survived a hurricane (Flory et al. 2009). News articles in hurricane-prone 
areas have urged people not to overindulge in alcohol during storms, since hurricane par-
ties (a practice of hosting parties, often involving alcohol consumption during a hurricane) 
are common (Dedaj 2017). In addition, popular press articles have urged people to stock up 
on healthy food to have on hand for a hurricane (Laseter 2018).

This study had two primary objectives. The first objective of this study was to develop 
a way to quantify food patterns in order to assess which foods were mentioned on Twitter 
and which are major contributors of energy and macronutrients. The second objective was 
to examine which foods and associated sources of energy and macronutrients were most 
frequently mentioned before, during, and after four natural disasters.

2  Materials and methods

Figure 1 details how F&B were collected, organized, and analyzed. The first step in this 
project was to develop a list of common food groups, foods that could be categorized into 
each food group, and then categorize those foods into the top F&B sources of energy, pro-
tein, fat, and carbohydrate in the USA. In order to develop this list, information detailing 
the top F&B sources of energy and macronutrients using National Health and Nutrition 
Examination Survey (NHANES) data for adults aged 19 years and older was used (O’Neil 
et al. 2012). In order to categorize mentions of F&B on Twitter into common food groups, 
the 10 food groups listed in the O’Neil et al. (2012) article were used. The 10 food groups 

Fig. 1  How foods and beverages were collected, organized, and analyzed
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were grain products; vegetables; fruit; dairy products; meat, poultry, and fish; eggs, leg-
umes, nuts, and seeds; fats and oils; desserts and sweets; beverages; and other foods (e.g., 
condiments, broth, salt) (O’Neil et al. 2012). Next, the top 15 F&B sources of energy and 
macronutrients were used for analysis (with the exception of protein, which only had 12 
top sources listed) (O’Neil et al. 2012). In order to ensure a variety of foods mentioned for 
a particular food group was captured, a list of other common names for the foods listed was 
developed. For example, a list of other common words was developed for broad food terms 
listed in the article like beef (e.g., created additional Twitter search terms such as ham-
burger, burger, and steak), poultry (e.g., chicken and turkey as additional terms), and pastry 
(e.g., donut, doughnut, and Danish as additional terms). In particular, three terms were very 
broad food categories (fruit, fish, and alcohol). In order to develop a comprehensive list of 
terms that could be used for those food categories, we conducted a Google web search for 
“top types of (fruit, fish, or alcohol) sold in the US.” Those web search results helped to 
complete a more comprehensive list of potential terms (e.g., instead of just searching for 
fruit, we also included bananas, apples, grapes, strawberries, oranges, etc.). This resulted 
in a list of common F&B items consumed in the USA that were top contributors to energy, 
protein, fat, and/or carbohydrate.

In order to examine food mentions during the hurricanes, a sampling of 506,620 tweets 
were collected during the 6 days before and after and 2 days during the hurricanes using 
a Twitter data provider, Crimson Hexagon (https ://www.crims onhex agon.com/) (see 
Table 1). For example, Hurricane Florence made landfall on September 14, 2018, so for 
that hurricane, pre-hurricane tweets were collected from September 8–13, during hurri-
cane tweets were from September 14–15, and post-hurricane tweets were from September 
16–21. Tweets needed to contain either the hashtag name for the hurricane (e.g., #Hur-
ricaneFlorence) or could contain the name of the hurricane (e.g., “Hurricane Florence”). 
A list of 173 F&B terms and their food group categories was created, along with possible 
plural versions of any food name that could commonly be plural (e.g., both pizza and piz-
zas were searched). Next, those tweets that contained a mention of one of the 173 F&B 
terms were collected, and frequency of tweets by date for each food term was categorized. 
This process was conducted using R Statistical Software (RCoreTeam 2014). Total posts 
during each time point (overall, pre-, during, and post-hurricane) were examined. In order 
to assess F&B and associated sources of energy and macronutrients with higher levels of 
mentions, a threshold was defined as ≥ 4 mentions/day for each F&B item or 10% of the 

Table 1  Number of total tweets for each hurricane with either the hashtag name (e.g., #HurricaneMatthew) 
or regular name (e.g., Hurricane Matthew) the 6 days before, the 2 days during, and the 6 days after each 
hurricane and for overall

Hurricane Number of Tweets

Before During After Total

Matthew, 2016 59,442 (October 2–7) 19,433 (October 8–9) 49,529 (October 10–15) 128,404
Irma, 2017 52,244 (September 4–9) 17,281 (September 

10–11)
54,180 (September 

12–17)
123,705

Florence, 2018 56,071 (September 
8–13)

17,419 (September 
14–15)

54,599 (September 
16–21)

128,089

Michael, 2018 49,699 (October 4–9) 20,000 (October 10–11) 56,723 (October 12–17) 126,422
Total 217,456 74,133 215,031 506,620

https://www.crimsonhexagon.com/
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foods mentioned. This approach allowed for a focus on the most commonly mentioned 
foods and to attempt to limit counting mentions of foods that might have been infrequently 
tweeted, but were unrelated to food (e.g., I hope this weather “rolls” through quickly). 
Table 2 provides a list of example search terms for the ten food and beverage (F&B) cat-
egories along with example tweets.

2.1  Statistical methods

A one-way ANOVA with Tukey’s follow-up post hoc test was conducted in order to exam-
ine differences in mean mentions of foods and beverages in category (± SD) examining 
total posts and posts made pre-, during, and post-hurricane, regardless of threshold. A P 
value of < 0.05 was used to indicate statistical significance. Descriptive statistics were used 
to examine the top most frequently mentioned foods and beverages (that met the ≥ 4 men-
tions/day threshold) and whether those foods and beverages were top sources of energy or 
macronutrients.

3  Results

In our sample, 5219 mentions of foods and beverages were detected. Table 3 shows the 
total mean (± SD) mentions of foods and beverages by food group category over the entire 
study period (14 days) as well as pre-hurricane (6 days before), during hurricane (48 h of 
the hurricane), and post-hurricane (6 days after the hurricane). While there were no sig-
nificant differences among the F&B categories for total mentions (P = 0.12) or mentions 
after the hurricanes (P = 0.50), there were significant differences in food group categories 
tweeted pre- and during the hurricanes. Pre-hurricane, there were significantly more posts 
categorized as grains than those categorized as vegetables, meat/poultry/fish, eggs/leg-
umes/nuts/seeds, or other (P’s all < 0.05). During the hurricanes, there were significantly 
more posts categorized as dairy than all other food groups (P < 0.05). Figure 2 details the 
frequency of mentions within each food group category by day examined (each of the 
6 days before and after the hurricanes and the 2 days during).

Considering the threshold of examining only those F&B that had ≥ 4 mentions per day, 
there were 13 F&B mentioned pre-hurricane, 18 during the hurricane, and 21 post-hurri-
cane. Number of foods mentioned within each F&B group category was also examined. 
Three out of the 10 categories did not have F&B mentioned over the course of the entire 
examined period that met the ≥ 4 mentions per day threshold (vegetables, desserts and 
sweets, and items categorized as other). Another two food group categories had only one 
food or beverage item mentioned within that category. For dairy, only milk was mentioned 
(n = 517) with no mentions of other dairy foods, such as cheese, and for fats and oils, only 
oil was mentioned (n = 135). Of the remaining five food group categories, grains had five 
commonly tweeted foods (pizza, waffles, spaghetti, rolls, bread, n = 1735), fruit had two 
commonly tweeted foods (apples and oranges, n = 505), meat/poultry/fish had five com-
monly tweeted foods (catfish, chicken, fish, poultry, and turkey, n = 880), eggs/legumes/
nuts/seeds had two commonly tweeted foods (eggs and peanuts, n = 237), and beverages 
had four commonly tweeted items (beer, coffee, alcohol, and wine, n = 515). Figure 3 dis-
plays a word cloud (Heimerl et al. 2014) of the most commonly tweeted F&B overall. The 
top five most commonly mentioned F&B overall were milk (n = 517), pizza (n = 511), tur-
key (n = 425), oranges (n = 384), and waffles (n = 346). Pre-hurricane, the top five foods 
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Fig. 2  Frequency of mentions within each food group category by day examined

Fig. 3  Word cloud of the most 
commonly tweeted foods and 
beverages overall



 Natural Hazards

1 3

mentioned were mostly grain-based foods: waffles (n = 142), oranges n = 117), spaghetti 
(n = 117), bread (n = 96), and rolls (n = 79). During the hurricanes, the top five foods men-
tioned were milk (n = 441), oranges (n = 75), pizza (n = 46), waffles (n = 43), and apples 
(n = 38). Top five food mentions post-hurricane were pizza (n = 436), turkey (n = 377), 
oranges (n = 192), waffles (n = 161), and peanuts (n = 158).

Lastly, we examined whether the F&B meeting the ≥ 4 mentions per day threshold were 
major contributors to energy, protein, fat, and/or carbohydrate intake in the USA. Of the 
20 F&B mentioned, 60% were top sources of energy, 60% were top sources of protein, 
45% were top sources of fat, and 40% were top sources of carbohydrate. Five foods men-
tioned (pizza, waffles, milk, rolls, and bread) were categorized as a top contributor across 
energy and all three macronutrient categories; three foods mentioned (turkey, chicken, and 
poultry) were common across energy and two macronutrient categories (fat and protein); 
one food mentioned (oil) was common across energy and one macronutrient category 
(fat); ten foods mentioned were a contributor to just one energy or macronutrient category 
(energy: alcohol, beer, wine; protein: peanuts, fish, catfish, eggs; carbohydrate: oranges, 
apples, spaghetti). One F&B (coffee) was not a major contributor to US intakes of energy 
or macronutrients.

4  Discussion

When a natural disaster, such as a hurricane, is predicted to occur, it is recommended to 
have a supply of non-perishable, healthy food on hand in case there is a loss of electricity 
or an inability to leave the house to shop for food (CDC 2017). Food is a common item 
people cite when preparing for a natural disaster, more so than ensuring adequate water, 
flashlights, medications, and cash (Wang 2017). Most households have at least a three-
day supply of food on hand (Der-Martirosian et al. 2014). However, very little is known 
about what foods or beverages people tend to purchase or consume before, during, or after 
natural disasters. Twitter provides a unique opportunity to examine what F&B are com-
monly mentioned during natural disasters. Unique to this study, assessment of food groups 
and major contributors of energy and macronutrients was conducted in order to examine 
broader dietary patterns during natural disasters. Therefore, this study also provided a 
unique opportunity to examine the use of Twitter to detect dietary patterns.

The present study examined mentions of various foods commonly high in energy, pro-
tein, fat, and/or carbohydrate on Twitter that were posted in conjunction with posts related 
to hurricanes. Results of this study indicated that foods mentioned on Twitter during four 
hurricanes were commonly energy and protein dense. While the present study did not find 
any differences in food group mentions overall or post-hurricane, there were significant 
differences in food groups mentioned pre- and during the hurricanes. In particular, foods 
categorized as grains were commonly mentioned before the hurricanes and foods catego-
rized as dairy (mainly milk) were most commonly mentioned during the hurricanes. It is 
not surprising the milk and grain-based foods (particularly breads and rolls) were com-
monly tweeted foods before and during the hurricanes. Stockpiling milk, along with bread 
and eggs, is commonly reported in the media in advance of storms (CoxMedia 2018). This 
may be one of the reasons why milk and bread were so frequently mentioned. Additionally, 
pizza, which is essentially a combination of grains and dairy, was frequently mentioned 
over most of the time points for the hurricanes. The previous research has shown that pre-
hurricane is a time when individuals may be attempting to use up perishable foods they 
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have in their household (Pyles et al. 2008). In addition, individuals may be purchasing non-
perishable forms of foods that would usually require refrigeration (“canned milk”) (Pyles 
et al. 2008) or purchasing cooking supplies that do not rely on electricity (charcoal grills) 
(Pyles et al. 2008).

While mentions of milk and bread seem to align with previous reports of food purchases 
prior to natural disasters, mentions of other foods were surprising. For example, apples and 
oranges were frequently mentioned. It is possible that people were tweeting about the color 
orange or Orange County, Florida, rather than the actual fruit. However, the results clearly 
mirrored the findings that oranges and apples are the two most commonly consumed fruits 
in the USA, although mostly consumed in the form of juice (USDA 2019). In addition, 
peanuts were frequently mentioned, particularly after the hurricanes. It is unclear whether 
peanuts are a common, non-perishable food people may have on hand to consume or the 
mentions referred to something else, such as categorizing the size of hail during a storm 
(Weather.gov 2019). For meat, white meat and poultry were most frequently cited as com-
pared to red meat, such as hamburgers, sausage, or pork. While seafood consumption has 
decreased in the USA (Terry et al. 2018), poultry intake has been on the rise, surpassing 
beef intake (USDA 2019). Lastly, of the four common beverages mentioned, three were 
alcoholic beverages (beer, alcohol, and wine). While disaster preparation guidelines rec-
ommend avoiding alcohol and focusing on healthy, non-perishable foods (CDC 2014), the 
findings of this analysis show that many people indicated that they were not following this 
guideline when posting to Twitter. While alcohol was frequently mentioned, this may be 
more of a reflection of the common use of social media to discuss drinking, especially 
among young adults (Hebden et al. 2015; Lyons et al. 2015), than a reflection of a dispro-
portionate intake of alcohol over other F&B groups. For example, users of social media 
may be more likely to post about alcohol use versus consumption of legumes.

Of all the food groups assessed in this study, vegetables had the fewest mentions. This is 
possibly because these items are typically perishable. However, meat and dairy foods were 
frequently mentioned, and they can also be perishable. It is likely that vegetables were not 
frequently mentioned because intakes of vegetables in the USA are very low and usually 
only in the form of French fries (potatoes) or pizza sauce (tomatoes) (USDA 2019). Veg-
etable intake is particularly low in the southern US, as compared to other regions (PBH 
2015). Foods categorized as desserts and sweets were also not frequently mentioned. This 
is surprising given the fact that refined sugar intake has been increasing (USDA 2019) and 
that snack foods, such as cookies and cakes, make up to 25% of US adults’ energy intake 
(Dunford and Popkin 2017). It is possible that these foods are viewed as not necessary for 
stockpiling in preparation of a storm. Despite the possibility that individuals susceptible to 
emotional eating would be at risk for increasing intake of sweets after a natural disaster, the 
previous research found that there was not an increase in junk foods (both savory and sweet 
snacks) after an earthquake among women with emotional eating (Kuijer and Boyce 2012). 
Findings of that study did indicate that stress in response to natural disasters can lead to a 
decrease in intake of healthy foods, such as vegetables (Kuijer and Boyce 2012). This may 
explain the low reported mentions of vegetables in the present study.

Overall, foods mentioned in the present study were high in energy and protein. Find-
ings indicated that efforts should be made to encourage individuals preparing for a storm 
to purchase healthy foods to have on hand. Considering that foods high in protein, such as 
poultry, dairy, eggs, and seafood, are perishable and are also some of the top contributors 
to food-borne illness (CDC 2018), efforts to educate consumers on shelf-stable sources of 
protein, including peanut butter and canned legumes, may be warranted. The CDC, as well 
as state and local agencies, may wish to increase education efforts around having healthy, 
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non-perishable food on hand before storms arrive. The CDC has used viral social media 
campaigns to increase preparedness for natural disasters, but there has been no previous 
concentrated focus on healthy foods to have on hand for disasters (Fraustino and Ma 2015).

The present findings should be considered in the context of some potential limitations. 
It is possible that some of the F&B mentions contained names of foods, but the user could 
have been tweeting about something not food related (e.g., “This weather is nuts!”). In 
addition, only a sampling of approximately 500,000 tweets containing the hurricanes 
hashtag names or full names were collected. Some foods were mixed dishes, such as waf-
fles and biscuits (which may contain grains, dairy, and eggs). In addition, while pizza was 
categorized as a grain, it is one of the largest contributors to dairy consumption in the 
USA, with Italian cheeses being consumed more frequently than any other cheese (USDA 
2014). A broad range of foods and beverages were selected based on known energy and 
macronutrient contributors in the USA (O’Neil et al. 2012); however, it could also be that, 
for example, people tweeted about Oreos™ instead of “cookies.” While a quarter of US 
adults use Twitter, users of the platform may not be generalizable to the US population, 
with the majority of Twitter users being under the age of 50 (67%) (Pew 2018) and tend-
ing to be more highly educated and wealthier than non-Twitter users (Wojcik and Hughes 
2019). However, there is equal distribution among users by sex, race, education, and urban/
suburban locations (Pew 2018). While the previous research has shown that the most com-
monly tweeted foods by US region align with traditional regional cuisine (e.g., grits are 
the most commonly tweeted food word in the southeastern US) (Fried et  al. 2014), it is 
possible that people may be more likely to tweet about unusual foods versus foods they 
consume every day. Lastly, actual consumption was not measured; only mentions of F&B. 
Future studies may wish to employ a mixed methods approach to examining the content of 
messages. For example, a more thematic or content analysis approach could be conducted, 
including an examination of images that are posted to Twitter. An analysis of images could 
help provide further context of the messages posted to Twitter.

The study also has several strengths. Using a framework of known major contributors 
to energy and macronutrients allowed for the collection of individual foods and beverages, 
as well as an examination of dietary patterns by energy and macronutrients. The methods 
used in this study could also be applied to other major events as a way to study dietary 
patterns. This includes during other natural disasters (e.g., winter storms), sporting events 
(e.g., the Super Bowl), and variations in seasons (e.g., eating patterns in summer vs. win-
ter). The resulting list of F&B and broader food group categories could be used for other 
studies and with other social media platforms. The methods could also be applied to other 
“big data” platforms, such as other social media sites, electronic health records, and diet 
tracking mobile apps.

5  Conclusion

Social media may be a unique way to detect dietary patterns and help inform recommen-
dations for what F&B are appropriate during natural disasters. The present study found 
frequent mentions of grains and dairy, particularly pizza and milk, as well as foods that 
are energy dense and high in protein. Since healthy food items, such as fruits and veg-
etables, were infrequently mentioned, officials in charge of making disaster preparedness 
recommendations related to food may want to encourage the purchase of fruits (such as 
bananas or dried fruits) and vegetables (such as canned peas or carrots) that can be stored 
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and consumed without the need for electricity. Disaster preparedness officials may also 
want to reinforce the message about limiting or avoiding alcohol before, during, and after a 
natural disaster.

Funding This research did not receive any specific grant from funding agencies in the public, commercial, 
or not-for-profit sectors.
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