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Abstract

Health behavior theory establishes that exposure to media messages about a topic influences 

related knowledge, attitudes, and behavior. Marijuana-related messages proliferating on digital 

media likely affect attitudes and behavior about marijuana. Most research studying marijuana-

related media effects on behavior relies on self-reported survey measures, which are subject to 

bias; people find it difficult to recall timing, frequency, and sources of messages. We calculated 

an exogenous measure of exposure to marijuana-related messages on digital media based on 

emerging public communication environment (PCE) theory. Aggregated online searches and social 

media posts related to marijuana for a given place reflect the marijuana-related PCE, where 

people are exposed to and engage with messages from multiple sources. Exogenous measures 

overcome bias in self-reported exposure and outcome data: simultaneity bias and endogeneity. 

The PCE reflects both potential exposure and relative importance of the topic in the local 

community, which may influence real-world marijuana use. Using 2017 Twitter and Google 

Search data, we measured the marijuana-related PCE to quantify where opportunities for exposure 

to marijuana-related posts were high and examined relationships between potential exposure and 

current marijuana use among youth and young adults in 2018. We found that marijuana-related 

online search and tweeting at the media market level are associated with offline marijuana use, 

controlling for demographics and state marijuana policy. The marijuana-related digital media 

environment may reflect and/or influence youth and young adult marijuana use. Social media and 

online search data offer platforms to monitor the marijuana-related PCE and supplement survey 

data to study media exposure and marijuana use behavior.
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Multiple health behavior models have documented the finding that exposure to messages 

about a topic influences knowledge, attitudes, and behavior related to that topic (Ajzen 

& Fishbein, 1980; Fishbein & Ajzen, 1975; McGuire, 1985; Pierce et al., 2017). Digital 

media (e.g., social media, websites, online ads) are an important channel for marijuana-

related marketing, consumer engagement, and policy advocacy (Clayton, 2021; Leafly, 

2015). Retailers advertise cannabis products on social media, often using tactics appealing 

to young people – e.g., celebrity/influencer endorsement and promotion (Bierut et al., 

2017; Lim et al., 2021). Social media posts, such as on the popular site Twitter, also 

reflect attitudes toward marijuana policy, with more marijuana-related communications 

with positive sentiment generated in states with legal recreational marijuana policies 

(Daniulaityte et al., 2017; van Draanen et al., 2020).

Young people may learn and reinforce their behaviors by observing others through digital 

media. Young people are exposed to and search for cannabis-related information and express 

intentions, opinions, and beliefs on digital media (Cavazos-Rehg et al., 2014; Yang et 

al., 2018). Many such messages convey positive sentiment and normalize marijuana use 

(Cavazos-Rehg, Krauss, et al., 2016; Cavazos-Rehg, Sowles, et al., 2016), with potential 

influence on attitudes, beliefs, and behaviors. For example, @*E***J*** posted a tweet 

saying “Beat the heat and stay chill this summer with these ultra dank weed ice creams” 

with a link to its website marketing cannabis ice cream.

Emerging research has studied the association between marijuana-related digital media and 

marijuana use. One study found young adult marijuana use to be associated with active and 

passive exposure to marijuana-related tweets (Cabrera-Nguyen et al., 2016). A study with 

18–34-year-old past-month marijuana users found that over half viewed marijuana ads in 

the previous month, commonly on digital media; those who actively sought ads often used 

Internet search engines and social media, and ad exposure was associated with heavier use 

(Krauss et al., 2017). Further research discovered that cannabis advertising exposure differed 

by policy jurisdiction, social media was a frequently-cited advertising channel, and higher ad 

exposure was associated with higher marijuana use rates (Rup et al., 2020). However, these 

studies measure exposure and outcomes via survey, likely introducing both simultaneity 

bias and endogeneity. In the highly-fragmented digital environment, self-reported exposure 

has bias because people have difficulty accurately recalling where, when, and how often 

they saw and engaged with messages (Slater, 2004). An alternative approach to measuring 

exposure is needed to avoid such bias.

An exogenous measure offers an alternative to surveys for assessing potential exposure, and 

communication theory provides a framework for such a measure (Liu & Hornik, 2016). 

People are exposed to and engage with messages from multiple communication sources, 

which constitute the public communication environment (PCE) (Hornik et al., 2019; Hornik 

et al., 2022). Similar to using television ratings as an objective measure of how many people 

see a televised program or advertisement (Emery et al., 2012; Layton et al., 2017), we 

can consider the aggregation of online searches and social media posts on a given topic 

and place to reflect the local PCE. Because individuals’ online social networks overlap 

substantially with their offline social networks (Dunbar et al., 2015), we can measure the 

local marijuana-related PCE by aggregating geolocated messages about marijuana. This 
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exogenous measure of potential exposure may enable inferences about how those messages 

affect individual behavior.

The local PCE reflects both opportunity for exposure and relative importance of the topic 

in the local community (Hornik et al., 2022). For example, in communities where retailers 

post social media messages about products promotions and marketing, local enthusiasts may 

follow the shops’ accounts and thus have direct message exposure; they may also re-post 

or share the messages, increasing potential exposure among their followers (Cygnis Media 

Editor, 2012; Fishbein & Hornik, 2008; Hothi, 2012). Similarly, individuals may deliberately 

seek information about the topic using online search engines; this sought information also 

reflects the PCE. Online search increases chances of exposure to relevant information, 

and greater relative search frequency by a given community implies higher interest in the 

topic. Hornik et al. (Hornik et al., 2013) differentiate between information-seeking and 

information-scanning behaviors, positing that while a single exposure to a topic as a result 

of a deliberate search may be more influential than a single episode of scanning behavior on 

the same topic, scanning behavior is much more frequent and – when taken in the aggregate 

– may be more influential. Proliferation of messages reflects and influences community 

norms, culture, and marketing that constitute the local marijuana-related PCE, which may 

influence real-world marijuana use.

Using Twitter and Google Search data, we can measure the local PCE related to marijuana 

and examine where and when opportunities for exposure to marijuana-related content were 

high. Google is currently the top search engine with over 80% market share. As of 2018 

32% of online teens used Twitter (Anderson & Jiang, 2018; Smith & Anderson, 2018), and 

as of 2021, 42% of young adults (aged 18–29) used Twitter (Auxier & Anderson, 2021). 

Both Google Search and Twitter have been considered important data sources to monitor and 

address emerging public health and epidemiological issues (Eichstaedt et al., 2015; Ginsberg 

et al., 2009; Jordan et al., 2019; Pelat et al., 2009; Seifter et al., 2010). This paper explores 

whether self-reported marijuana use among US youth and young adults is associated with 

marijuana-related Google Search volume and tweets.

METHODS

Data and Measures

A US representative sample of 6,684 youth and adults were interviewed about their tobacco 

use, marijuana use, and sociodemographic characteristics between April-June 2018. We 

selected a sample of youth and young adults (13–24 years) for this study. A general 

population sample of youth (13–17 years) and young adults (18–24 years) was selected 

from NORC’s AmeriSpeak Panel and GfK’s Knowledge Panel for this study. A total of 

3,886 respondents completed the survey (1,810 from AmeriSpeak Panel and 2,076 from 

KnowledgePanel). Of those, 43 did not report on marijuana use and 1 respondent did not 

provide information about where they lived; the final sample size was 3,842. The survey 

was offered in English, via phone or online for the AmeriSpeak Panel and online only for 

the Knowledge Panel. Cumulative response rate was 4.5% for KnowledgePanel teens, 7.0% 

for AmeriSpeak teens, 3.5% for KnowledgePanel adults, and 9.2% for AmeriSpeak adults; 

cumulative response rate for the sample of youth and young adults was not separately 
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calculated. Statistical weighting was performed to account for nonresponse, subgroup 

oversampling, and combining two panels in reference to population total benchmarks for 

age, race/ethnicity, education, gender, census division, and e-cigarette ever-use. Respondents 

were asked “Do you now use marijuana or hashish?” and categorized as current marijuana 

users if they reported “every day” or “some days” use.

Google search volume data (March 2017–February 2018) were compiled by Designated 

Market Area (DMA) from Google Trends (http://trends.google.com), using keywords 

‘marijuana’ and ‘cannabis.’ Google Trends data represent relative popularity of the search 

term; relative search volume (RSV) is defined as the number of searches for a particular 

term relative to the total number of searches done on Google during the observation 

period. The RSV is then divided by the highest number of searches for the particular 

term during the observation period, resulting in a value that ranges from 0–100 (Google 

News Initiative, n.d.). Duplicate searches done by the same person are excluded. DMAs are 

comprised of contiguous counties typically centered in and near large cities and correlated 

with metropolitan areas.

Marijuana-related tweets (January–December 2017) were collected from Gnip’s Historical 

PowerTrack using marijuana-related search queries. Our search queries included prominent 

accounts that marketed marijuana products or advocated marijuana use and relevant policy 

change; in addition, our queries included terms indicating marijuana product, use, and 

regulation. We developed the queries using Boolean operators for a focused search; for 

instance, “smoke” AND “kush”; “smoking” AND “legalize” NOT “cigarette.” Our general 

strategy to develop and test search queries is described elsewhere (Kim et al., 2016). The 

complete list of search queries is available upon request. About 3.17 million marijuana-

related tweets were collected, of which 952,428 (30%) were geolocated to DMAs. We 

used two pieces of location data provided by Twitter: user-tagged locations and Gnip’s 

predicted locations. The latter is based on information extracted from user profiles; many 

users publicly indicate location either by selecting a city and state from a preset list or by 

directly typing place names in their profiles. Gnip uses this information to geolocate Twitter 

users’ locations by matching place names against the GeoNames.org database. More details 

for identifying tweet geolocation and the fitness for use of geolocated tweets are reported 

elsewhere (Kim et al., 2020). Tweet sentiment was assessed using VADER, resulting in a 

score between −100 (highly negative) and 100 (highly positive) (Hutto & Gilbert, 2014). 

VADER calculates standardized sentiment score based on lexicon ratings (degree of positive, 

neutral, and negative) and the proportion of the text that falls into each sentiment category. 

We calculated an average sentiment score over tweets posted from each DMA.

Statistical Analysis

Average sentiment score of tweets and Google search volumes were linked with the 

survey data based on DMAs where respondents lived. The bivariate relationships between 

marijuana use and Google search volume as well as tweet sentiment score were analyzed 

by age group (youth and young adults). We categorized Google search volume and tweet 

sentiment score by quartile and calculated the prevalence of current marijuana use and 95% 

confidence interval within each category. We used multivariate logistic models to control 
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for individual-level covariates likely associated with marijuana use, including age group, 

sex, race/ethnicity, household income, and state marijuana policy in 2018 (legal adult use 

vs. other). In 2018, recreational marijuana use was legal in nine states and the District of 

Columbia. However, the legalization law in Vermont took effect on July 2018, which was 

after the survey was in the field; thus, we treated Vermont as one of the “other” states. Three 

models were estimated to understand whether and to what extent digital media measures 

additionally explain variation in the outcome: model without digital media measures; model 

with search volume; model with tweet sentiment score. The effects of digital media and 

marijuana policy on marijuana use may differ by age. Thus, the models also included 

interactions of digital media and age group as well as marijuana policy and age group; we 

calculated odds ratios for digital media measures and marijuana policy for youth and young 

adults separately. Weighted prevalence and odds ratios were estimated using SAS/STAT 

version 15.1. Volumes of ‘marijuana’ search and ‘cannabis’ search on Google showed very 

similar relationships with current marijuana use. We present the results based on ‘marijuana’ 

search volume.

RESULTS

Summary statistics of demographics and state marijuana policy for youth and young adult 

respondents by marijuana use status are presented in Table 1. Of marijuana users, 30.4% had 

household income <$25,000, while 20.9% of non-marijuana users had income <$25,000. 

Marijuana users were more likely to be Black and Latino than non-users. As anticipated, 

larger proportions of marijuana users lived in states with legal adult marijuana use (29.7% 

vs. 19.9%).

Prevalence of current marijuana use was 9.7% (CI=7.2%, 12.3%) among youth and 

21.7% (CI=19.0%, 24.3%) among young adults. Figure 1 displays bivariate relationships 

relationships between current marijuana use and (a) ‘marijuana’ search volume on Google 

and (b) sentiment scores of marijuana-related tweets. Overall, both digital media measures 

exhibit positive relationships with marijuana use. Youth living in the DMAs in the highest 

quartile of marijuana search volume were more likely to report current marijuana use than 

those living in DMAs in the lowest quartile (15.0% [CI=9.2%, 20.9%] vs. 2.4% [CI=0.6%, 

4.2%]). Prevalence of young adults’ marijuana use appears to increase with the tweet 

sentiment.

Table 2 presents three multivariate logistic regressions: (1) model without digital media, (2) 

model with search volume, and (3) model with tweet sentiment. Age group was significantly 

associated with reporting current marijuana use; the odds of marijuana use for young adults 

were larger than twice that for youth, controlling for other covariates. Latino and non-Latino 

Black respondents were more likely to use marijuana than non-Latino White respondents. 

In the first model without digital media measures included, state marijuana policy was 

strongly associated with current marijuana use; those living in states where recreational 

use was legal were more likely to use marijuana. The second model with Google Search 

volume showed that for youth, the odds of reporting current marijuana use was 79% greater 

(OR=1.79; CI=1.23, 2.60) as the search volume increased by one standard deviation (=13.8), 

while a similar pattern was not observed for young adults. The third model with tweet 
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sentiment score showed that for young adults, the odds of reporting current marijuana 

use was 27% greater (OR=1.27; CI=1.01, 1.59) as tweet sentiment score changed by one 

standard deviation (=5.4) in a positive direction, although a similar pattern was not observed 

for youth. Interestingly, the association of state marijuana policy with the outcome was 

dampened when digital media measures were included.

State policy was associated with the outcome as well as both digital media measures. Youth 

and young adults living in states where recreational marijuana use was legal had higher 

search volume on average (47.9% vs. 27.3%). Similarly, states with recreational laws had 

tweets with an average sentiment score indicating neutral sentiment, while states without 

recreational laws had tweets with slightly more negative sentiment (−0.001 vs. −0.041).

DISCUSSION

This study sought to determine associations between marijuana-related tweets and Google 

search volume and self-reported marijuana use among youth and young adults in the 

US. We found that DMA-level marijuana-related online search was associated with youth 

marijuana use and tweeting was associated with young adult marijuana use, controlling for 

demographics and state marijuana policy. Our findings suggest that the marijuana-related 

digital media environment may reflect and possibly influence marijuana use among youth 

and young adults. Further research is required to understand why different types of digital 

media are associated with offline marijuana use by age group.

Previous studies reported that youth and young adult marijuana use was associated with 

self-reported exposure to marijuana advertisements on the Internet (Dai, 2017; Krauss et al., 

2017; Rup et al., 2020) and marijuana-related tweets (Cabrera-Nguyen et al., 2016). Our 

study demonstrates that community-level digital media data can provide valuable and rapid 

measures of potential exposure to marijuana-related information on digital media. These 

exogenous measures reflect the community environment and social norms surrounding 

marijuana use and overcome bias in self-reported exposure data; and can be used as an 

indicator of the likelihood that an individual residing in a region may encounter marijuana-

related messaging. Thus, digital media data may be used as a proxy for the local PCE around 

marijuana use and supplement survey data to enhance understanding of factors influencing 

young people’s substance use.

We also observed that state marijuana policy was associated with marijuana-related tweets 

and Google Search; this correlation suggests that the PCE may either reflect and/or influence 

the policy environment, and both appear to be associated with marijuana use. We considered 

DMA as the unit of PCE measures to quantify opportunities for exposure to marijuana-

related digital media content. DMA has been widely used as the unit of measure to analyze 

the media effect. Twitter users may indicate the core city as their location, although they 

may reside in a suburban area, and people easily travel within metropolitan areas. Most 

DMAs are defined based on metropolitan areas and often cross state boundaries. On the 

other hand, the legality of marijuana use is bounded by state and associated with relevant 

attitudes and use of state residents. However, people may purchase marijuana in neighboring 
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states. In 2018, recreational marijuana use was legal in nine states and the District of 

Columbia, although the sale and purchase remain illegal in the District of Columbia.

Some study limitations must be stated. We used Twitter and Google search data, whereas 

several more media channels contribute to the PCE. We did not consider legacy media 

sources, such as The New York Times, which also comprise part of the PCE. However, we 

believe our measures still reflect the PCE, and much legacy media content can be found on 

Twitter (e.g., @nytimes) and via Google Search. Second, the level of individuals’ exposure 

may vary from the exogenous measure. Using an exogenous measure of exposure to topical 

messaging may be complicated by the fact that consumers’ digital media patterns are 

recorded in cookies and search histories and used to fine-tune targeted marketing strategies. 

Nonetheless, our team has demonstrated in prior work that such measures are correlated 

with tobacco product sales and youth attitudes and beliefs about tobacco use (Berg et 

al., 2019; Liu et al., 2019). Third, using the VADER to calculate sentiment score may 

not accurately capture pro- versus anti-marijuana opinions; it reflects emotional valence in 

tweets, and some pro-marijuana tweets may convey negative sentiment, for example. Finally, 

we analyzed the survey data collected in late spring 2018, linking with 2018 state marijuana 

policy, tweets posted in January–December 2017, and Google Search data from March 

2017–February 2018. Since then, more states have legalized recreational marijuana use, and 

digital media related to marijuana have likely evolved. However, we believe that our findings 

still speak to the relationship between marijuana-related PCE and marijuana use.

Our findings suggest that youth and young adults living in areas where more people search 

for cannabis information on Google and post cannabis-related tweets with positive sentiment 

are more likely to use marijuana. Social media and online search data may offer platforms to 

monitor the cannabis-related PCE and supplement survey data to study media exposure and 

substance use behavior.

Funding and Acknowledgements:

This study was supported by a grant R01CA194681 (PI: Jidong Huang) and another R01CA248871 (PI: Ganna 
Kostygina) from the National Institutes of Health, National Cancer Institute. The content is solely the responsibility 
of the authors and does not necessarily represent the official views of the National Institutes of Health.

The authors declare that they do not have any conflict of interest. The authors would like to thank Steven Binns and 
Hy Tran, NORC at the University of Chicago for their contribution to Twitter data collection and aggregation.

REFERENCES

Ajzen I, & Fishbein M (1980). Understanding attitudes and predicting social behavior. Prentice-Hall.

Anderson M, & Jiang J (2018). Teens, social media & technology 2018. Pew Research Center. https://
www.pewresearch.org/internet/2018/05/31/teens-social-media-technology-2018/

Auxier B, & Anderson M (2021). Social Media Use in 2021. Pew Research Center. https://
www.pewresearch.org/internet/2021/04/07/social-media-use-in-2021/

Berg CJ, Haardorfer R, Cahn Z, Binns S, Kim Y, Szczypka G, & Emery S (2019). The association 
between Twitter activity and e-cigarette purchasing. Tobacco Regulatory Science, 5(6), 502–517.

Bierut T, Krauss MJ, Sowles SJ, & Cavazos-Rehg PA (2017). Exploring marijuana advertising 
on Weedmaps, a popular online directory. Prevention Science, 18(2), 183–192. 10.1007/
s11121-016-0702-z [PubMed: 27534665] 

Kim et al. Page 7

Cannabis. Author manuscript; available in PMC 2022 November 02.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

https://www.pewresearch.org/internet/2018/05/31/teens-social-media-technology-2018/
https://www.pewresearch.org/internet/2018/05/31/teens-social-media-technology-2018/
https://www.pewresearch.org/internet/2021/04/07/social-media-use-in-2021/
https://www.pewresearch.org/internet/2021/04/07/social-media-use-in-2021/


Cabrera-Nguyen EP, Cavazos-Rehg P, Krauss M, Bierut LJ, & Moreno MA (2016). Young adults’ 
exposure to alcohol-and marijuana-related content on Twitter. Journal of Studies on Alcohol and 
Drugs, 77(2), 349–353. [PubMed: 26997194] 

Cavazos-Rehg PA, Krauss M, Grucza R, & Bierut L (2014). Characterizing the followers and tweets 
of a marijuana-focused Twitter handle. Journal of Medical Internet Research, 16(6), e157. [PubMed: 
24974893] 

Cavazos-Rehg PA, Krauss MJ, Sowles SJ, & Bierut LJ (2016). Marijuana-related posts on Instagram. 
Prevention Science, 17(6), 710–720. [PubMed: 27262456] 

Cavazos-Rehg PA, Sowles SJ, Krauss MJ, Agbonavbare V, Grucza R, & Bierut L (2016). A content 
analysis of tweets about high-potency marijuana. Drug and Alcohol Dependence, 166, 100–108. 
[PubMed: 27402550] 

Clayton S (2021, April 1). Digital Marketing Tips to Help Grow Your Cannabis Business. 
Cannabis Industry Journal. https://cannabisindustryjournal.com/feature_article/digital-marketing-
tips-to-help-grow-your-cannabis-business/

Cygnis Media Editor. (2012, June 30). Impact of social media on local communities. https://
www.cygnismedia.com/blog/socialmedia-local-communities/

Dai H (2017). Exposure to advertisements and marijuana use among US adolescents. Preventing 
Chronic Disease, 14, 170253.

Daniulaityte R, Lamy FR, Smith GA, Nahhas RW, Carlson RG, Thirunarayan K, Martins SS, Boyer 
EW, & Sheth A (2017). “Retweet to pass the blunt”: Analyzing geographic and content features 
of cannabis-related tweeting across the United States. Journal of Studies on Alcohol and Drugs, 
78(6), 910–915. [PubMed: 29087826] 

Dunbar RIM, Arnaboldi V, Conti M, & Passarella A (2015). The structure of online social networks 
mirrors those in the offline world. Social Networks, 43, 39–47.

Eichstaedt JC, Schwartz HA, Kern ML, Park G, Labarthe DR, Merchant RM, Jha S, Agrawal M, 
Dziurzynski LA, Sap M, Weeg C, Larson EE, Ungar LH, & Seligman MEP (2015). Psychological 
language on Twitter predicts county-level heart disease mortality. Psychological Science, 26(2), 
159–169. 10.1177/0956797614557867 [PubMed: 25605707] 

Emery S, Kim Y, Choi YK, Szczypka G, Wakefield M, & Chaloupka FJ (2012). The effects 
of smoking-related television advertising on smoking and intentions to quit among adults in 
the United States: 1999–2007. American Journal of Public Health, 102(4), 751–757. 10.2105/
AJPH.2011 [PubMed: 22397350] 

Fishbein M, & Ajzen I (1975). Belief, attitude, intention and behavior: An introduction to theory and 
research. Addison-Wesley.

Fishbein M, & Hornik R (2008). Measuring media exposure: An introduction to the special issue. 
Communication Methods and Measures, 2(1–2), 1–5.

Ginsberg J, Mohebbi MH, Patel RS, Brammer L, Smolinski MS, & Brilliant L (2009). Detecting 
influenza epidemics using search engine query data. Nature, 457, 1012–1015. [PubMed: 
19020500] 

Google News Initiative. (n.d.). Google Trends Lessens. Google Trends: Understanding the 
data. Google News Initiative Training Center. Retrieved December 13, 2021, from https://
newsinitiative.withgoogle.com/training/lessons?tool=Google%20Trends&image=trends

Hornik R, Binns S, Emery S, Epstein VM, Jeong M, Kim K, Kim Y, Kranzler E, Jesch E, Lee S, Liu 
J, O’Donnell MB, Siegel L, Tran H, Levin AV, Williams S, Yang Q, & Gibson LA (2022, April). 
The Effects of Tobacco Coverage in the Public Communication Environment on Young People’s 
Decisions to Smoke Combustible Cigarettes. Journal of Communication (Accepted).

Hornik R, Gibson L, Sangalang A, Volinsky A, Williams S, Kikut A, Kim Y, Binns S, & Emery 
S (2019, May 24). Consistency of messages across media sources for tobacco and electronic 
cigarettes over 36 months: Evidence for a public communication environment. 69th Annual ICA 
Conference, Washington, DC.

Hornik R, Parvanta S, Mello S, Freres D, Kelly B, & Schwartz JS (2013). Effects of scanning – 
routine health information exposure – on cancer screening and prevention behaviors in the general 
population. Journal of Health Communication, 18(12), 1422–1435. [PubMed: 24083417] 

Kim et al. Page 8

Cannabis. Author manuscript; available in PMC 2022 November 02.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

https://cannabisindustryjournal.com/feature_article/digital-marketing-tips-to-help-grow-your-cannabis-business/
https://cannabisindustryjournal.com/feature_article/digital-marketing-tips-to-help-grow-your-cannabis-business/
https://www.cygnismedia.com/blog/socialmedia-local-communities/
https://www.cygnismedia.com/blog/socialmedia-local-communities/
https://newsinitiative.withgoogle.com/training/lessons?tool=Google%20Trends&image=trends
https://newsinitiative.withgoogle.com/training/lessons?tool=Google%20Trends&image=trends


Hothi M (2012, March 1). Does social media really empower local communities? 
The Guardian. https://www.theguardian.com/voluntary-sector-network/community-action-blog/
2012/mar/01/social-media-empower-communities

Hutto CJ, & Gilbert E (2014). Vader: A parsimonious rule-based model for sentiment analysis of social 
media text. Eighth International Conference on Weblogs and Social Media (ICWSM-14).

Jordan SE, Hovet SE, Fung IC-H, Liang H, Fu K-W, & Tse ZTH (2019). Using Twitter for public 
health surveillance from monitoring and prediction to public response. Data, 4(6), 4010006.

Kim Y, Emery SL, Vera L, David B, & Huang J (2020). At the speed of Juul: Measuring the Twitter 
conversation related to ENDS and Juul across space and time (2017–2018). Tobacco Control.

Kim Y, Huang J, & Emery S (2016). Garbage in, Garbage Out: Data Collection, Quality Assessment 
and Reporting Standards for Social Media Data Use in Health Research, Infodemiology and 
Digital Disease Detection. Journal of Medical Internet Research, 18(2), e41. [PubMed: 26920122] 

Krauss MJ, Sowles SJ, Sehi A, Spitznagel EL, Berg CJ, Bierut LJ, & Cavazos-Rehg PA (2017). 
Marijuana advertising exposure among current marjijuana users in the U.S. Drug and Alcohol 
Dependence, 174, 192–200. [PubMed: 28365173] 

Layton JB, Kim Y, Alexander GC, & Emery SL (2017). Association between direct-to-consumer 
advertising and testosterone testing and initiation in the United States, 2009– 2013. JAMA, 
317(11), 1159–1166. [PubMed: 28324090] 

Leafly. (2015). How to market your cannabis business part 4: Social 
media marketing strategies. https://www.leafly.com/news/industry/how-to-market-your-cannabis-
business-part-4-social-media-marketin

Lim CCW, Leung J, Chung JYC, Sun T, Gartner C, Connor J, Hall W, Chiu V, Tisdale C, Stjepanovic 
D, & Chan G (2021). Content analysis of cannabis vaping videos on YouTube. Addiction, Epub 
ahead of print.

Liu J, & Hornik R (2016). Measuring exposure opportunities: Using exogenous measures in assessing 
effects of media exposure on smoking outcomes. Communication Methods and Measures, 10(2–
3), 115–134. [PubMed: 27746848] 

Liu J, Siegel L, Gibson LA, Kim Y, Binns S, Emery S, & Hornik R (2019). Toward an aggregate, 
implicit, and dynamic model of norm formation: Capturing large-scale media representations of 
dynamic descriptive norms through automated and crowdsourced content analysis. Journal of 
Communication, 69(6), 563–588. 10.1093/joc/jqz033 [PubMed: 31956275] 

McGuire WJ (1985). Attitudes and attitude change. In Lindzey G & Aronson E (Eds.), Handbook of 
social psychology (3rd Edition, Vol. 2, pp. 233–346). Random House.

Pelat C, Turbelin C, Bar-Hen A, Flahault A, & Valleron A-J (2009). More diseases tracked by using 
Google Trends. Emerging Infectious Diseases, 15(8), 1327–1328. [PubMed: 19751610] 

Pierce JP, Sargent JD, White MM, Borek N, Portnoy DB, Green VR, Kaufman AR, Stanton CA, 
Bansal-Travers M, Strong DR, Pearson JL, Coleman BN, Leas E, Noble ML, Trinidad DR, 
Moran MB, Carusi C, Hyland A, & Messer K (2017). Receptivity to tobacco advertising and 
susceptibility to tobacco products. Pediatrics, 139(6), e20163353. [PubMed: 28562266] 

Rup J, Goodman S, & Hammond D (2020). Cannabis advertising, promotion and branding: 
Differences in consumer exposure between “legal” and “illegal” markets in Canada and the US. 
Preventive Medicine, 133, 106013. [PubMed: 32027914] 

Seifter A, Schwarzwalder A, Geis K, & Aucott J (2010). The utility of “Google Trends” for 
epidemiological research: Lyme disease as an example. Geospatial Health, 4(2), 135–137. 
[PubMed: 20503183] 

Slater MD (2004). Operationalizing and Analyzing Exposure: The Foundation of Media Effects 
Research. Journalism & Mass Communication Quarterly, 81(1), 168–183.

Smith A, & Anderson M (2018). Social media use in 2018. Pew Research Center. https://
www.pewresearch.org/internet/2018/03/01/social-media-use-in-2018/

van Draanen J, Tao H, Gupta S, & Liu S (2020). Geographic differences in cannabis conversations 
on Twitter: Infodemiology study. JMIR Public Health and Surveillance, 6(4), e18540. [PubMed: 
33016888] 

Yang Q, Sangalang A, Rooney M, Maloney E, Emery S, & Capella JN (2018). How is marijuana 
vaping portrayed on YouTube? Content, features, popularity and retransmission of vaping 

Kim et al. Page 9

Cannabis. Author manuscript; available in PMC 2022 November 02.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

https://www.theguardian.com/voluntary-sector-network/community-action-blog/2012/mar/01/social-media-empower-communities
https://www.theguardian.com/voluntary-sector-network/community-action-blog/2012/mar/01/social-media-empower-communities
https://www.leafly.com/news/industry/how-to-market-your-cannabis-business-part-4-social-media-marketin
https://www.leafly.com/news/industry/how-to-market-your-cannabis-business-part-4-social-media-marketin
https://www.pewresearch.org/internet/2018/03/01/social-media-use-in-2018/
https://www.pewresearch.org/internet/2018/03/01/social-media-use-in-2018/


marijuana YouTube videos. Journal of Health Communication, 23(4), 360–369. [PubMed: 
29533139] 

Kim et al. Page 10

Cannabis. Author manuscript; available in PMC 2022 November 02.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Figure 1. 
Current Marijuana Use, Marijuana Search Volume on Google Trends, and Sentiment of 

Marijuana-Related Tweets

Note. Prevalence for young adults is indicated by dark grey bars █ and prevalence for youth 

is indicated by light grey bars █. Current marijuana use and cannabis search volume showed 

very similar trend displayed in (a).
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