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Abstract

Purpose: Despite the importance of social networking sites on young adult alcohol use, few 

studies have examined Twitter as a conduit for sharing drinking behavior. However, this work 

generally uses random samples of tweets and thus cannot determine the extent to which Tweets 

correspond with self-reported drinking cognitions or behaviors. The primary aims of the present 

study were to (1) document basic patterns of alcohol-related Twitter activity in a subsample of 

young adult drinkers, and (2) examine whether willingness to drink, alcohol use, and negative 

consequences are associated with alcohol-related tweeting behavior.

Methods: 186 young adults age 18-20 completed an online survey and provided Twitter handle 

information. From these participants, a random sample of 5,000 Tweets was coded by a trained 

team to determine whether tweets were related to alcohol use or not. Ordinary least squares 
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regression analyses were conducted to determine whether the proportion of alcohol-related Tweets 

is associated with self-reported alcohol use willingness, behaviors, and negative consequences.

Results: Results indicated that not only are alcohol-related tweets common among young adults, 

but that the proportion of one’s overall tweets that are related to alcohol is significantly associated 

with willingness to drink, alcohol use, and negative consequences.

Conclusions: The results of this study are an important step to understanding how digital 

behavior (e.g., posting about alcohol on Twitter) is related to an individual’s self-reported drinking 

cognitions, alcohol use, and negative consequences and has implications for the way Twitter data 

can be used for public health surveillance and interventions.
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1. Introduction

1.1 Social networking sites and young adult alcohol use

It has been argued that social networking sites (SNS) expand young adults’ (YAs’) exposure 

to peer risk behavior, including alcohol use. When viewing others’ profiles, users can learn 

about others’ interests, hobbies, social lives, and health and risk behaviors (Ellison et al., 

2007). Given how much time YAs spend on SNS in conjunction with the multiple ways 

(e.g., text, photo) and opportunities to communicate about alcohol, SNS are an influential 

risk-conducive environment for YA alcohol use (McCreanor et al., 2013; Moreno and 

Whitehill, 2014). With many SNS profiles among YAs in the United States including 

alcohol-related content or displays, and the majority of displays being pro-alcohol or 

favorable toward heavy alcohol use (Cavazos-Rehg et al., 2015; Moreno et al., 2012, 2016) 

research indicates that YAs both produce and are exposed to alcohol-related content via 

SNS. Both experimental and longitudinal studies have demonstrated that viewing SNS 

alcohol displays is significantly associated with increased risky drinking cognitions, alcohol 

use, and negative consequences (Boyle et al., 2016; Hoffman et al., 2017; Huang et al., 

2014; Geusens and Beullens, 2017; Litt and Stock, 2011; Nesi et al., 2017; Tucker et al., 

2013). In addition, several studies have reported positive associations between the sharing of 

alcohol-related content and alcohol consumption (D’Angelo et al., 2014; Geusens and 

Beullens, 2016; Moreno et al., 2015; Nesi et al., 2017). Research has suggested that posting 

alcohol-related content may be a direct reflection of the sharer’s alcohol use (D’Angelo et 

al., 2014; Geusens and Buellens, 2016; Westgate et al., 2014) and may also be a reflection of 

alcohol-related social cognitions (i.e., perceived norms and attitudes), which are known to 

predict alcohol use (D’Angelo et al., 2014; Westgate et al., 2014). Notably, research 

indicates that older adolescents’ heavy episodic drinking behavior during the preceding year 

predicted the frequency of which they posted alcohol references on SNS (Geusens and 

Buellens, 2017) and that frequent posting of alcohol use content on SNS predicts later 

alcohol use (Erevik et al., 2017). Further, several studies have linked alcohol-related 

cognitions and alcohol postings on social media (D’Angelo et al., 2014; Erevik et al., 2017; 

Geusens and Buellens, 2016a; Guesens and Buellens, 2016b; Stoddard et al., 2012; Westgate 

et al., 2014).

Litt et al. Page 2

Drug Alcohol Depend. Author manuscript; available in PMC 2019 December 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



It is important that research continue to determine whether there is a relationship between 

one’s own SNS behavior and self-reported alcohol-related risk cognitions. Therefore, a 

growing literature of experimental and longitudinal studies shows that SNS alcohol-related 

displays are common among YAs, and these displays are associated with future problematic 

drinking or vice versa. However, it is important to note two major limitations of this field. 

First, the majority of research on SNS and alcohol use has focused on Facebook (D’Angelo 

et al., 2014; Moreno et al., 2015; Moreno et al., 2012) and has used self-reports of alcohol-

related SNS displays (Erevik et al., 2017; Geusens and Beullens, 2016; Stoddard et al., 

2012). Secondly, this manuscript references a snapshot of tweets that may not overlap 

temporally with the survey, meaning that the tweets may have been posted both before and 

after the survey was completed by participants.

1.2 Twitter as a prominent social networking site

There are over 11.7 million active users between the ages of 18-24 on Twitter, comprising 

approximately 45% of all young adults in that age bracket (Pew, 2018). In addition, roughly 

46% of all Twitter users visit the site at least daily (Pew, 2018). Two important differences 

between Facebook and Twitter are that there is less interaction and oversight from older 

adults/parents on Twitter (23%) than on Facebook (74%) (Duggan et al., 2015) and the 

majority (88.2%) of Twitter content and user profiles are publicly visible to all internet 

users, while on Facebook most information is shared only with selected individuals. It is 

important to note that personal disclosures are less common on Twitter than on other SNS, 

with users instead often exchanging information like news, and that passive consumption is 

more common (Huberman et al., 2008; Kwak et al., 2010; Phua et al., 2017). However, 

although research indicates that Facebook users were more likely to be engaged through a 

large social network and daily log-ins than Twitter users, participants who chose to display 

alcohol references on Twitter were more likely to use the site daily (Moreno et al., 2012). 

Because Twitter profiles are more likely to be public than other forms of social media, there 

may be greater potential to incorporate Twitter content into intervention efforts. 

Interventions that involve private profiles generally entail researchers gaining access to 

private profiles. With Twitter, there is the unique option of providing intervention content to 

public profiles.

Twitter users maintain many types of social relationships, including subscription ties called 

“following” relationships. Following relationships form the basis for the underlying social 

network on Twitter, facilitating information diffusion and potential peer influence. Following 

relationships represent subscriptions to other users’ content, allowing tweets to be 

automatically delivered (and therefore readable) from one user to another. Tweets are 

publicly visible by default but users can restrict message delivery to followers only. In 

addition, Twitter users have developed platform-specific conventions to organize content. 

Hashtags (indicated by the # symbol) are used to denote topical channels, and to facilitate 

search and navigation of content. Users can also “mention” or reply to specific accounts 

using @username. The Twitter platform facilitates re-sharing of content through re-posting 

features, called retweets. Retweeting a message allows users to repost a message from 

another Twitter account and share it with one’s own followers. Emojis, or pictographic 

images (Marengo et al., 2017), are increasingly used as forms of SNS communication, 

Litt et al. Page 3

Drug Alcohol Depend. Author manuscript; available in PMC 2019 December 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



especially among YAs, and appear to serve as a surrogate of non-verbal cues, contributing to 

the overall meaning of written messages (Marengo et al., 2017).

1.3 Twitter as a risk conducive environment

Despite the argued importance of social networking sites on alcohol use among YAs, few 

studies have examined Twitter as a social media conduit for sharing drinking behaviors 

(Cavazos-Rehg et al., 2015; West et al., 2012; Moreno et al., 2016). Research indicates that 

young adults who choose to display alcohol references on Twitter are more likely to be daily 

Twitter users and the number of alcohol-related tweets is associated with number of drinks 

(Moreno et al., 2016). However, this study did not take into account the relative proportion 

of alcohol-related tweets relative to overall tweets, evaluate cognitions or negative 

consequences as outcomes and was comprised of only college students who reported using 

both Facebook and Twitter, thus reducing generalizability. In addition, the majority of 

research examining Twitter and alcohol content focuses on data collected using convenience 

samples of public tweets and general temporal trends in alcohol-related tweets (West et al., 

2012), underage YA access to alcohol-related tweets, or frequency of alcohol-related tweet 

content (Cavazos-Rehg et al., 2015). Specifically, West and colleagues (2012) examined the 

temporal trends of drinking-related tweets generated from Twitter users and found that an 

increase in pro-drinking tweets (i.e., related words to “drunk” and intoxication) occurred 

during nights (between 10pm and 2am) and weekends (Friday and Saturday nights). In 

addition, Cavazos-Rehg and colleagues (2015) demonstrated that there was a significant 

amount of alcohol-related Twitter “chatter” over the course of one month (about 400,000 

drinking-related tweets per day) and that there are more positive views toward drinking (pro-

drinking) rather than tweets that portray drinking in a negative manner (anti-drinking). 

Despite the frequent use of emojis, most research to date has focused on emojis as an 

indicator of emotions and personality (Marengo et al., 2017) and has not looked at emojis as 

a specific form of alcohol-related Twitter chatter.

One major limitation of most work so far examining Twitter is that researchers use a random 

sample of Tweets and thus are not able to determine the extent to which these Tweets 

correspond with self-reported drinking cognitions or behaviors of individuals, which has 

been listed as a major limitation of this body of work (Krauss et al., 2017). While these 

studies are important and provide descriptions of alcohol behavior as expressed on Twitter, 

they are limited in their generalizability because next to nothing is known about the 

characteristics (cognitions or behavior) of the individuals whose posts are being analyzed.

Therefore, the primary aims of the present study are to (1) document basic patterns of 

alcohol-related Twitter activity in a subsample of YA drinkers, and (2) examine whether self-

reported willingness/openness to use alcohol (Gerrard et al., 2008), and alcohol use are 

associated with the proportion of one’s overall tweets that are alcohol-related.
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2. Materials and methods

2.1 Participants and procedures

Data for this study was collected as part of a larger NIH-funded study (R01AA021379) that 

investigated health risk behaviors among young adults. Participants for this study were YAs 

in the United States aged 18 to 20 who were recruited nationally through various methods 

including paid online recruiting (i.e., Facebook, Twitter, and Craiglist ads in large US cities), 

advertisements in-print, and in-person recruiting. A total of 1,145 participants responded to 

the study advertisements and were invited to the study survey. Of those, 1002 (88%) 

completed the baseline survey. Participants were informed they would receive a $25 gift 

certificate for completing the 30-45 minute online survey and would also be entered in a 

drawing to win an Apple iPad or $100 gift card. A federal certificate of confidentiality was 

issued by the National Institutes of Health (NIH) to protect identifiable research information 

from forced disclosure. All study procedures were approved by the University of 

Washington’s institutional review board, and no adverse events were reported.

At the conclusion of the study, all participants were emailed regarding our intentions with 

utilizing the Twitter data and participants were given a chance to opt-out of our Twitter 

collection procedures if they had previously provided us with their Twitter information. Any 

participants who wished for their Twitter data to be excluded were removed from the data 

collection procedures immediately. Of the 1,058 participants who completed the baseline 

survey, 406 (38.4%) indicated that they were Twitter users. Of all Twitter users, 209 (17.6% 

of all; 45.8% of Twitter users) provided usable Twitter data . For Twitter data to be usable, 

participants must have provided a valid (i.e., existing) Twitter handle for a public Twitter 

account. In addition, participants must have been willing to allow their Twitter data to be 

subsequently used in the study, following an IRB-approved opt-out follow-up letter after 

completion of the survey. Twitter accounts were subsequently checked for obvious 

misreporting by participants (e.g., spam accounts) and whether participants had provided 

multiple accounts. In total, 8 accounts were eliminated, leaving 201 valid accounts used in 

the subsequent analysis, of which 186 had Twitter profiles from which data could be 

gathered. For the approximately 16% of participants (N=186) whose Twitter data was 

obtained, the Twitter REST Application Programming Interface (API) was used to collect 

social media posts (i.e., tweets) from participants based on usernames provided in the 

survey. The Twitter API provides access to a maximum of 3,200 historical posts per user, 

spanning a variable period of time depending on how active the specific user is within the 

platform. Twitter data collection began in December 2014 and all tweets for every user until 

June 2015 were collected. In addition, using the API, tweets for some participants were 

collected as far back as May 2008. The timestamps for the tweets spanned anywhere 

between 1 to 2343 days (approx. 6.4 years) for each user with a median time between first 

and last tweets of 908 days (approx. 2.5 years) across users. The variability between data 

collection periods across users was a result of frequency of tweeting, with respect to both 

historical activity and how frequently each user tweeted between December 2014 and June 

2015. Because Twitter counts were normalized on a per-tweet basis as described below, the 

varying timespans for tweets were used to allow for a maximum amount of data to be 

analyzed on a per-user basis.
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A list of drinking-related terms was developed based on input from our research team, web 

searches, and searching urbandictionary.com, a free online resource that tracks modem 

slang. Once the list of initial drinking-related words were developed, investigators scanned a 

random sample of 1,000 tweets in order to determine frequency of alcohol-related words and 

adapt as needed, resulting in a total of 17 alcohol-related terms, including “drunk,” 

“wasted,” and “hangover” (see Table 2 for full list of terms). In addition to drinking-related 

words, a list of drinking-related emojis was also developed, which included emojis such as 

the “beer mug” and the “wine glass” (see Table 2 for full list of emojis). The Twitter 

Streaming API was used to track the alcohol-related terms and phrases and custom 

programmatic scripts were used to access Twitter data; data were subsequently processed, 

cleaned, and archived.

2.2 Coding procedures

Once the initial dataset was extracted by Twitter API, the content of a random sample of 

5,000 Tweets was coded to summarize their main themes, and in particular whether the 

alcohol content in the tweet was about alcohol or alcohol use, or not alcohol-related. Two 

members of the research team with expertise in substance use research created initial 

definitions of what constituted alcohol-related tweets versus not alcohol-related and then 

scanned 300 random alcohol-related Tweets. Subsequently, a team of three trained coders 

used a five-step process (Lee et al., 2007): (1) investigators independently reviewed alcohol 

related tweets; (2) investigators discussed initial categories (alcohol-related vs. not) of 

responses to determine tentative definitions; (3) definitions were provided via a coding 

manual to three trained independent undergraduate and staff coders in order to code each 

tweet based on the content; (4) a random 10% of responses were coded for reliability (i.e., 

high consistency between raters) and discussion/revision of coding scheme in which we 

apply a majority rules decision such that agreement by two or more coders determines the 

categorization if there are disagreements; and (5) when final coding scheme had been 

determined, remaining responses were coded.

In the analyses that follow we focus on tweets coded as not alcohol related versus alcohol-

related. A tweet coded as not alcohol-related required that the coder must have 100% 

confidence that it is NOT referring to alcohol use (e.g., “I’ll just be here drinking my milk 

and eating cookies”). A tweet coded as alcohol use is one in which the tweeter is explicitly 

referring to alcohol use (e.g., “I am experiencing the worst hangover of my life” or “That 

drunk chick is going to have issues tomorrow”).

Overall level of coder agreement for the sub sample of test Tweets was good. An inter-rater 

reliability analysis using the Fleiss’ Kappa statistic was performed to ascertain consistency 

among raters and indicating the following kappas: not Alcohol-Related, κ > 0.83 and κ > 

0.75 for tweets about alcohol use (all ps < .001)

2.3 Baseline survey measures

2.3.1 Willingness.—To assess drinking willingness, participants were presented with a 

scenario that involved drinking at a party and rated their willingness to engage in each of 

five actions (Gerrard et al., 2008). Sample items include “choose a non-alcoholic drink” and 
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“stay and have one more drink” (α = .85). Response options ranged from 0 (not at all 

willing) to 4 (completely willing).

2.3.2 Drinks per week.—The Daily Drinking Questionnaire (DDQ) (Collins et al., 

1985) was used to measure the number of standard drinks consumed on each day of a typical 

week during the last three months. Weekly drinking was computed by summing the standard 

number of drinks on a scale from 0 (0 drinks) to 25 (25+ drinks) for each day of the week 

and summing all days to create a score for the total number of drinks per week.

2.3.3 Problem drinking.—The Alcohol Use Disorders Identification Test (AUDIT) 

(Babor et al., 2001; Bohn et al., 1995) is a 10-question scale, with most answers on a 0 to 4 

Likert scale assessing consumption, dependence, and harm or consequences of alcohol use. 

Questions include an assessment of the frequency of drinking alcohol (never, monthly or 

less, 2-4 times a month, 2-3 times a week, and 4 or more times a week) and the frequency of 

binge drinking (never, less than monthly, monthly, weekly, and daily) as well as the negative 

consequences associated with alcohol use. The AUDIT scores can theoretically range from 0 

to 40; a score of 8 or higher indicates that the person is at risk for problem drinking, (α = .

85)

2.3.4 Alcohol-related consequences.—The Young Adult Alcohol Consequences 

Questionnaire (YAACQ) (Read et al., 2006) was used to determine any negative 

consequences experienced while drinking. Participants were presented with 48 items and 

were asked which, if any, consequences they had experienced in the past 30 days. Response 

options were 1 = yes and 0 = no. A sum score was calculated to determine the total number 

of alcohol-related negative consequences.

2.4 Analysis plan

The Twitter REST API was used to collect more than 341,380 posts from the final set of 186 

participants spanning the period January 1, 2010 through March 31, 2016. Twitter’s API 

allows researchers to gather information using structured queries as a means of accessing 

information regarding specific phrases or key words (McCormick et al., 2015). For each 

Twitter user, the number of alcohol-related twitter displays (including both alcohol-related 

words and alcohol-related emojis) was normalized by the number of total tweets collected 

for the user (i.e., on a per-tweet basis) thus yielding a proportion of alcohol-related Twitter 

displays.

Associations between the proportion of alcohol-related Twitter displays and drinking/

willingness outcomes (as measured at baseline survey) were determined using regressions. 

In the regression models, each outcome was treated as a dependent variable in isolation with 

alcohol-related twitter displays included as explanatory variables along with demographic 

covariates. Preliminary analyses revealed non-normal distributions for drinking outcomes 

(i.e., drinks per week, consequences, problem drinking), with the variance being 

substantially greater than the mean. Because these drinking outcomes closely followed a 

negative binomial probability distribution, a generalized linear modeling approach with the 

distribution specified as negative binomial (i.e., negative binomial regression) was selected 
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as the primary analysis strategy for drinking outcomes (Atkins and Gallop, 2007). 

Regression models for willingness to drink treated the response as a continuous variable 

with a normal distribution. Ordinary least squares linear regression was used to model the 

association between outcomes and alcohol-related twitter displays. Gender, age, race, and 

ethnicity were included in all analyses as covariates based on previous associations with 

alcohol consumption (O’Malley and Johnston, 2002; Read et al., 2002). Dummy variables 

were created for each demographic variable except age and the data was normalized using 

min-max normalization prior to running regressions. All data analysis for this project was 

performed using the R statistical computing platform and/or the Python programming 

language (R Core Team, 2013).

3. Results

3.1 Differences between Twitter data providers and Twitter data non-providers

Table 1 shows the demographic composition of all participants and across two subgroupings: 

those who indicated they were active on Twitter with those who were not active on Twitter, 

as well as those for whom Twitter data was used in this study with those for whom Twitter 

data was not used in this study, assuming Twitter activity. Of note is the relative consistency 

in demographic composition across the groups, as indicated by the p-values (calculated 

using t-tests for age and chi-squared tests for categorical data). For the data set used in the 

current analyses, those with Twitter profiles from which data could be gathered, the mean 

age was 19.17 years old (SD = 0.83). Gender and racial representation of the sample for 

whom Twitter data was used was 54.3% female, 12.9% Asian, 21.0% African American, 

48.9% White, 0.5% American Indian/Alaska Native, 0.0% Native Hawaiian/Pacific Islander, 

and 16.7% Other/Mixed. For ethnicity, 14.5% identified as Hispanic, and for schooling, 

13.4% were not in any form of school, 60.2% were attending a 4-year university, 18.8% 

were attending a community college, 2.2% were attending a technical/vocational college, 

and 2.2% were in high school.

To check for possible selection bias, we compared self-reported willingness to drink, alcohol 

use, and alcohol-related negative consequences between participants who shared useable 

Twitter data with those that did not. Results confirmed that there were no significant 

differences between the study groups on any of the self-reported outcomes, in terms of 

willingness to drink, behavior, and consequences (all ps > 0.05).

3.2 General descriptive information

Of the 186 usable Twitter profiles, we examined tweeting behaviors, along with Twitter 

specific conventions such as use of hashtags and URLs in tweets. We collected a total of 

337,935 tweets, indicating that Twitter users in the dataset posted an average of 1,816 

tweets, with a max of 23,085, demonstrating extremely high rates of use. Tweets were on 

average 12 words long (Twitter imposes a 140 character limit), and contained an average of 

0.31 hashtags and 0.43 URLs.
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3.3 Alcohol-related content descriptive information

Results from the first round of coding indicated that 58.9% of the tweets extracted (based on 

a priori terms) contained alcohol content. Examples of tweets that were coded as not being 

drinking-related are “I can’t stop drinking coffee” or “I dare you to drink a gallon of milk.” 

These non-alcohol related terms were removed from the dataset for the subsequent analyses.

Table 2 shows the proportion of tweets in the dataset that contain the a priori drinking-

related terms, the number of unique users who used each term, the proportion of all users 

who used each term, the number of tweets that contained each term. The most frequent 

terms reported were drunk, drink, drinking, and beer. Further, over half (53%) of study 

participants posted a tweet containing the word drunk, and over one-third (34%) of 

participants tweeted a message containing the term wasted. In addition, over one-fourth 

(28%) of users posted at least one tweet with an alcohol-related emoji. (See Table 2 for the 

full list of alcool-related emojis.)

3.4 Relationships between Twitter posts and self-reported cognitions and behavior

3.4.1 Willingness.—None of the demographic variables (gender, race, ethnicity, and 

age) predicted willingness to drink. However, having a higher proportion of alcohol tweets 

was positively predictive of greater willingness to drink. (See Table 3.)

3.4.2 Drinks per week.—None of the demographic variables (gender, race, ethnicity, 

and age) predicted typical drinks per week, but having a higher proportion of alcohol tweets 

was positively predictive of greater numbers of drinks per week consumed. (See Table 4.)

3.4.3 Alcohol-related negative consequences.—As with drinks per week, the only 

significant predictor of alcohol-related negative consequences was the proportion of alcohol 

tweets a user posted. (See Table 4.)

3.4.4 Problem drinking.—Consistent with the results of the other outcomes, the 

proportion of alcohol-related tweets was the only significant predictor of scores on the 

AUDIT. (See Table 4)

4. Discussion

Despite limited knowledge, researchers and practitioners aim to use SNS data to infer health 

behaviors of users, allowing for early detection, intervention, and prevention. However, 

research has yet to relate SNS expressions of drinking on Twitter to self-reported drinking 

data. Thus, research to date cannot determine how alcohol-related tweets are associated with 

alcohol use and how much can be derived about drinking behavior solely from Twitter data. 

Filling this gap, the proposed research evaluated whether alcohol-related tweets are 

associated with drinking cognitions, alcohol use and related risks. The results of the present 

study are an important step to shed some light on how digital behavior (i.e., posting about 

alcohol on Twitter) is related to an individual’s self-reported drinking cognitions, alcohol 

use, and experienced negative consequences.
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Results of the current study indicate that individuals willing to share their Twitter handles 

with researchers are not significantly different from those who do not share, indicating that 

obtaining Twitter handles this way is not likely to introduce bias to the sample. Further, not 

only are alcohol-related tweets (both text-based and emoji-based) common, but the 

frequency (as part of a larger proportion of alcohol tweets relative to total tweets) of posting 

alcohol-related tweets on Twitter is significantly associated with willingness to drink, self-

reported alcohol use, and related negative consequences. Our results are in line with the 

Media Practice Model, which suggests that individuals use media outlets to disclose actual 

behaviors or behavioral intent and make a statement about identity (Steele, 2005).

5. Health and clinical implications

Data from SNS, such as Twitter, can be used not only to validate current methods that infer 

health behaviors based solely on social media data, but also to develop novel techniques for 

estimating prevalence and consequences of alcohol use in specific populations. For example, 

use of SNS alcohol displays can be used to help identify individuals who meet criteria for 

being “at risk” based on their Twitter displays and social networks. This could be used in 

intervention research as the Twitter engagement center allows targeted messages to be sent 

to individuals based on several criteria, including targeting people who search, tweet about, 

or engage with specific alcohol-related keywords. Further, the current findings indicated that 

there were different tenses used in Tweets about alcohol. For example, Tweets with present 

tense (i.e., “I am so drunk right now”) could allow for in-the-moment text messages to be 

given to help reduce drinking or risk when needed most. Moreover, texts with past tense 

(i.e., “I got way too drunk last night!”) could be framed to consider the previous days 

alcohol use and how it affects goals, etc. Further, because the present study focused on the 

proportion of overall tweets that contained alcohol references as opposed to a raw frequency 

of alcohol Tweets, it may help shed light on what frequency of alcohol-related tweeting is 

problematic relative to overall patterns of tweeting behavior. Understanding how one’s 

alcohol-related tweeting behavior fits into their overall Twitter behavior may provide 

valuable insight into the role that alcohol use plays in an individual’s social media identity 

and provide avenues for understanding which individuals are the most in need of 

intervention based on alcohol-related Twitter behavior. Because Twitter has a higher 

percentage of public profiles than other social networking sites, therefore it might be more 

feasible to implement the use of Twitter into intervention efforts since permission to use 

private profile data is not needed. Given that this research indicates that tweeting more 

frequently about alcohol (and using certain terms) is related to actual drinking cognitions 

and behaviors, targeting specific key words should reach those most at risk for risky alcohol 

use.

6. Future directions and limitations

One limitation of the present study is that the collection of tweets were not necessarily lined 

up temporally with the survey, meaning that the snapshot of tweets obtained may have been 

posted both before and after the one-time survey was completed by participants. Therefore, 

while we were able to find associations, longitudinal and daily studies are needed in order to 

determine the predictive relationships between Twitter activity and high-risk alcohol 
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cognitions, alcohol use, and consequences among adolescents and YAs. In particular, it is 

important to disentangle the influence of Twitter social networks on adolescent and YA 

alcohol use. Future research is needed to assess both within- and between-person 

associations between participants’ Twitter activity and drinking cognitions, alcohol use, and 

consequences as well as the impact of Twitter social networks on these outcomes. 

Additionally, because the sample in the present study was YAs age 18-20 in the United 

States, future research should examine whether these same results generalize in both 

adolescents and those young adults who are at or above the legal drinking age as well as in 

YAs in other countries. Finally, although Twitter remains an important part of YA’s lives, 

their involvement in other emerging SNS such as Instagram, and Snapchat should be further 

explored to determine whether the findings from this study are generalizable across SNS 

platforms or if there is something unique about Twitter that may facilitate the associations 

between alcohol-related tweets and personal alcohol use.
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Highlights

• Alcohol-related tweets, including alcohol emojis, are common among young 

adults.

• Proportion of alcohol-related twitter posts are associated with drinking 

outcomes.

• Implications for how Twitter data can be used for surveillance and 

intervention.
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Table 1:

Demographic composition of all participant and participant subgroups

All Participants 
Active on 
Twitter

Participants 
Not Active 
on Twitter

p-value Participants 
for Whom 

Twitter Data 
Was 

Collected

Participants 
for Whom 

Twitter Data 
Was Not 
Collected

p-value

N 1058 406 652 - 186 872 -

Age (years +/− SD) 19.18 (0.79) 19.19 (0.81) 19.18 (0.78) 0.804 19.17 (0.82) 19.19 (0.79) 0.850

Female at Birth 52.6% 55.9% 50.4% 0.309 54.3% 52.2% 0.795

Male at Birth 46.1% 43.6% 47.7% 45.7% 46.2%

Asian 14.7% 14.5% 14.8% 0.150 12.9% 15.1% 0.533

African American 19.6% 20.9% 18.7% 21.0% 19.3%

Caucasian 48.1% 51.0% 46.3% 48.9% 47.9%

American Indian or Alaskan 
Native

1.3% 0.5% 1.8% 0.5% 1.5%

Native Hawaiian or Pacific 
Islander

0.9% 0.2% 1.2% 0% 1.0%

More Than One Race 9.4% 7.9% 10.3% 10.2% 9.2%

Other 4.8% 4.9% 4.8% 6.5% 4.5%

Other/Mixed (above two rows 
summed)

14.2% 12.8% 15.0% 16.7% 13.6%

Hispanic/Latino 16.4% 14.5% 17.5% 0.188 14.5% 16.7% 0.476

Not Hispanic 81.9% 85.0% 80.1% 84.9% 81.3%

Not Student 19.2% 16.5% 20.9% 0.074 13.4% 20.4% 0.026*

In High School 0.9% 1.5% 0.6% 0.098 2.2% 0.7% 0.490

Pursuing GED 0.2% 0% 0.3% 0% 0.2%

In Community College 17.9% 15.8% 19.2% 18.8% 17.7%

In Vocational/Tech School 2.4% 2.2% 2.5% 2.2% 2.4%

In 4-year University/College 54.0% 59.1% 50.8% 60.2% 52.6%

In Graduate/Professional School 0.5% 0% 0.8% 0% 0.6%

Other 0.6% 0.7% 0.5% 1.1% 0.5%
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Table 2:

Twitter posts (i.e., tweets) were coded for alcohol-related terms and emojis.

Proportions, numbers, and users of alcohol-related terms/emojis in tweets are listed below in the following 

tabulation:

Term Number of Tweets Percentage of Tweets (%) Unique Users Proportion of Users (%)

drunk 790 0.234 98 52.69

drink 671 0.199 117 62.90

drinking 356 0.105 92 49.46

beer 280 0.083 72 38.71

bar 223 0.066 85 45.70

shots 214 0.063 80 43.01

alcohol 185 0.055 58 31.18

wine 169 0.050 51 27.42

vodka 111 0.033 49 26.34

wasted 107 0.032 63 33.87

liquor 74 0.022 33 17.74

hangover 65 0.019 36 19.35

hungover 46 0.014 25 13.44

tequila 43 0.013 25 13.44

whiskey 43 0.013 12 6.45

pregame 30 0.009 22 11.83

tipsy 26 0.008 20 10.75

booze 20 0.006 14 7.53

cocktail 12 0.003 10 5.38

Emoji Number of Tweets Percentage of Tweets (%) Unique Users Proportion of Users (%)

clinking beer mugs 145 0.043 39 20.97

beer mug 39 0.012 26 13.98

wine glass 39 0.012 21 11.29

tropical drink 37 0.011 25 13.44

cocktail glass 21 0.006 16 8.60
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