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Abstract

Background: The rise in opioid use and overdose has increased the importance of improving 

data collection methods for the purpose of targeting resources to high-need populations and 

responding rapidly to emerging trends

Objective: To determine whether Twitter data could be used to identify geographic differences in 

opioid-related discussion and whether opioid topics were significantly correlated with opioid 

overdose death rate

Methods: We filtered approximately 10 billion tweets for keywords related to opioids between 

July 2009 and October 2015. The content of the messages was summarized into 50 topics 

generated using Latent Dirchlet Allocation, a machine learning analytic tool. The correlation 

between topic distribution and census region, census division, and opioid overdose death rate were 

quantified.

Results: We evaluated a tweet cohort of 84,023 tweets from 72,211 unique users across the US. 

Unique opioid-related topics were significantly correlated with different Census Bureau divisions 

and with opioid overdose death rates at the state and county level. Drug-related crime, language of 

use, and online drug purchasing emerged as themes in various Census Bureau divisions. Drug-

related crime, opioid-related news, and pop culture themes were significantly correlated with 

county-level opioid overdose death rates, and online drug purchasing was significantly correlated 

with state-level opioid overdoses.

Conclusions: Regional differences in opioid-related topics reflect geographic variation in the 

content of Twitter discussion about opioids. Analysis of Twitter data also produced topics 
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significantly correlated with opioid overdose death rates. Ongoing analysis of Twitter data could 

provide a means of identifying emerging trends related to opioids.

Introduction

The epidemic of morbidity and mortality related to the overprescription and misuse of 

opioids has garnered national attention and motivated significant policy change in recent 

years. Opioid overdoses have quadrupled since 1999 and were associated with 33,091 deaths 

in 2015 (Centers for Disease Control and Prevention, 2016a). Prescription opioids are the 

main driver of drug overdoses and deaths (Paulozzi, 2006; Paulozzi et al., 2006; Paulozzi & 

Ryan, 2006). Sales of prescription opioids in the US nearly quadrupled from 1999 to 2014. 

Other studies have demonstrated increased rates of opioid use for non-cancer pain (Centers 

for Disease Control and Prevention, 2016b; Blanco, et al., 2007; Zacny, et al., 2003) and 

during emergency department visits (Gilson, et al., 2004; Joranson, et al., 2000).

There is significant geographic variation in opioid-related outcomes with some cities, 

counties, states, and regions demonstrating significantly higher rates of opioid-related 

deaths, opioid overdoses, and rates of opioid prescriptions. For example, regional analysis of 

opioid overdose death rates shows that opioid overdose death rates in the New England 

Census Bureau division and South East Central division (which includes Kentucky, 

Tennessee, Mississippi, and Alabama) are nearly double the rates in places like the Pacific 

division, which includes all the west coast states (Centers for Disease Control and 

Prevention, 2017). In 2012, the rate of opioid prescriptions in Hawaii was 52 per 100 people, 

while it was 275% higher at 143 per 100 people in Alabama and Kentucky, the highest 

prescribing states that year (Centers for Disease Control and Prevention, 2014).

These differences in outcomes are undoubtedly related to the heterogeneity of states’ 

policies and changes implemented recently in response to the opioid epidemic. For example, 

in 2013, rules passed in New York and Tennessee requiring prescribers to check their states’ 

prescription drug monitoring programs (PDMPs) before prescribing opioids resulted in 75% 

and 36% decreases, respectively, in the number of patients who were seeing multiple 

prescribers to obtain the same drugs (Centers for Disease Control and Prevention, 2014). 

States also demonstrate significant variation in laws related to opioid prescription, including 

limits on the quantity and duration of opioid prescriptions, requirements for documenting 

pain management plans, and mandatory continuing education on risks and benefits of the use 

of opioids, among many others (National Alliance for Model State Drug Laws, 2016a and 

2016b).

The existent diversity among opioid-related policy, health-related outcomes, and the rate at 

which new policies are being adopted increase the importance of accurate, timely data 

collection. Areas with high rates of opioid overdoses would especially benefit from highly-

responsive data collection mechanisms that might allow early identification of potential 

causes and trends and implement targeted interventions. Given the amount of controversy 

that remains concerning best responses to opioid misuse, nuanced data that reflects multi-

level geographic differences and trends not identified by typical survey measures could be of 

value.
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Previous studies have demonstrated that analysis of large data sets collected from social 

media platforms such as Twitter can be used to identify significant correlations between 

language and a variety of other measures, including geographic region, demographic 

characteristics like gender, and health-related outcomes (Schwartz, et al., 2013a; Wong, et 

al., 2015; Smith, et al., 2017; Guntuju, et al., 2017; Sinnenberg, et al., 2016).

Similarly, linguistic themes related to opioid discussion on Twitter may provide context for 

the characteristics of opioid misuse patterns in different geographic areas, including how 

different areas have chosen to respond to the opioid epidemic, how opioids are perceived by 

the public, and what causal factors influence opioid misuse. Linguistic analysis may also 

provide useful insight into the unique challenges involved in developing responses to a 

dynamic opioid market and help identify opportunities for targeted intervention in different 

populations or geographic areas. Emerging linguistic trends related to opioids in Twitter data 

may have potential to act as a surveillance tool for identification of counties at imminent risk 

for increase in opioid overdose deaths due, for example, to an influx of powerful synthetic 

opioids into the drug market. The goal of the current study was to determine whether Twitter 

data could be used to identify geographic differences in opioid-related discussion and to 

determine whether opioid topics were significantly correlated with opioid overdose death 

rate.

Methods

We collected tweets related to opioids in the United States (n = 84,023). The content of the 

messages was summarized into 50 topics generated using Latent Dirchlet Allocation (Blei, 

et al., 2006). The correlations between topic distribution and census region, census division, 

and opioid overdose death rate were quantified.

Twitter Data

Twitter is a social media platform which allows users to send and receive 140-character 

messages called tweets (Twitter Inc., 2017). Tweets about opioids were collected via the 

Twitter Application Programming Interface (API), a program that allows researchers to 

query historic tweets. A random 1% sample of Tweets was collected from January 1 to April 

2, 2012 and from April 18, 2013 to October 1, 2015. A random 10% sample of tweets was 

collected from July 23, 2009 to February 9, 2011 and from April 3, 2012 to April 17, 2013.

Pre-processing of Twitter Data

The dataset analyzed was filtered for messages containing opioid references using opioid 

terms (supplement 1) resulting in 767,749 tweets. All tweets including one or more opioid 

terms were included regardless of source (individual, organization, etc.). These were then 

filtered for English language that could be mapped to a county in the US (n = 573,254). 

English tweets were identified using the language identification tool developed by Liu, 

Marco, and Baldwin (Association for Computational Linguistics, 2012). Tweets were 

mapped to a county using a combination of coordinates and the user-provided location field 

per the method described by Schwartz et al (Schwartz, et al., 2013a). The general process for 

mapping involves first checking for tweet latitude and longitude coordinates within the US. 
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If these are not provided due to user settings, location information from the user profile—

county and state or city and state—was used to geolocate the tweet. If only the city or 

county name was provided without the state, the tweet was geolocated only if the city name 

was unambiguous (i.e. if there is one city with a particular name that has over 90% of the 

total population of all cities with that name. For example, “Chicago” would be tagged but 

“Springfield” would not.) The English, county-mapped tweets were then filtered for 

duplicates.

Topic Modeling

Utilizing all the English messages from the opioid-related dataset (n = 573,254), 50 topics 

were generated using the Mallet implementation of Latent Dirichlet Allocation (LDA). LDA 

is a computer automated process used to group words into topics based on their cooccurring 

patterns. Prior to LDA, we identified the 1-grams most relevant to opioid-related content. To 

do this, we randomly sampled 816,787 tweets that did not contain any of the opioid-related 

search terms and were generated during the same time frame as the opioid-related tweets. 

The weighted log-odds ratio of each word’s use in a group, opioid or non-opioid, was 

calculated using an informed Dirichlet prior as described in Monroe, Colaresi, and Quinn 

(Monroe, et al., 2008).

The 5,000 1-grams with the highest log-odds ratio associated with opioid messages were 

used as a whitelist for the input to LDA. A whitelist in this context consists of terms that are 

most associated with tweets containing one of the words on the list of opioid terms (see 

supplement 1). Only messages from the opioid dataset containing those top 1-grams were 

selected as input to LDA, and only the whitelist features from those messages were used.

The topic distribution of each individual message was calculated as previously described 

(Schwartz, et al., 2013a). The census region of each tweet was identified using the county 

label. The Pearson correlation between topic distribution and census region of the tweets 

was calculated. All correlations were corrected for false discovery rate using Bonferroni 

correction.

Outcome measures

Average crude rate of opioid-related deaths from 2009–2014, county level—We 

utilized differential language analysis (Schwartz, et al., 2013b), and an open-vocabulary 

approach, to identify the correlation between the county-level tweet topic content and the 

crude rate of death due to opioid overdose in that county. Messages were grouped at the 

county level and topic features, the distribution of topics in each message, were assigned 

using the topics previously generated via LDA. We performed Pearson correlation to 

correlate the 50 topics of the deduplicated county-mapped dataset with the average crude 

rate of county-level opioid-related deaths from 2009 to 2014. (For example, counties with 

more tweets including topic A and a higher opioid overdose death rate would exhibit 

positive correlation between topic A and opioid overdose death rate.) The average crude rate 

of county-level opioid-related deaths was obtained from the CDC WONDER (Centers for 

Disease Control and Prevention, 2017), an online database containing a wide array of public 

health information, based on ICD-9 and ICD-10 codes, a diagnosis classification system 
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developed by the CDC for use in healthcare settings. This includes cases where opioids are 

cited as the cause of death and/or a contributing cause of death for instances in which 

multiple causes were present. Counties had to have a minimum of two years of unsuppressed 

data to be considered. This analysis includes counties considered by the CDC as 

‘unreliable.’ The label ‘unreliable’ means that the county had fewer than 20 deaths related to 

opioids.

Average crude rate of opioid-related deaths from 2009 to 2014, state level—
The state code was derived from the FIPS code and messages were grouped by state. FIPS 

state codes are numeric and two-letter alphabet codes defined in the U.S. Federal 

Information Processing Standard Publication 5–2 to identify U.S. states (National Institute 

of Standards and Technology, 1987). The average crude rate of opioid-related deaths from 

2009 to 2014 was obtained from the CDC WONDER database based on ICD-9 codes. The 

state death counts are higher than the sum of the county level death counts, indicating that 

the suppressed data in counties where opioid-related death occurs infrequently were present 

in the state data.

Results

We identified 84,023 tweets from 72,211 unique users which included opioid terms.

Topics Correlated with Census Bureau Divisions

A descriptive summary of the tweet cohort including number of unique users, number of 

messages, and opioid overdose death rate for each of the nine Census Bureau divisions is 

shown in Table 1.

Analysis of opioid topics that were significantly correlated with different Census Bureau 

divisions revealed geographic differences in opioid themes. Drug-related crime emerged as a 

theme in the northeastern divisions (New England, Middle Atlantic, and East North Central), 

while language of use emerged as a theme in the southeastern divisions (West South Central, 

East South Central, and South Atlantic). Online drug purchasing was a significant theme for 

tweets from divisions in the center of the country, including the West North Central and 

Mountain divisions.

Figure 1 shows the most common opioid-related themes discussed in each division. The 

complete set of themes discussed in each division is shown in supplement 1. Examples of 

topics representing different opioid-related themes are shown in Figure 2. Topic differences 

among Census Bureau regions yielded similar results but with less geographic specificity.

Topics Correlated with County- and State-Level Opioid Overdose Death Rates

Analysis of opioid Tweet content at the county and state levels revealed topics that were 

significantly correlated with opioid overdose death rates. Table 2 shows the language topics 

most highly correlated with opioid overdose death rates at the county and state levels. The 

language topic most correlated with opioid overdose death rate (r = 0.331) contained the 

words “police,” “arrested,” “trafficking,” “bust,” and “dealer,” and was assigned the theme 

of “drug-related crime.” The second-most correlated topic (r = 0.282) contained the words 
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“Bieber,” “star,” “died,” “addicted,” and “drug,” and was assigned the theme “pop culture.” 

The third most correlated topic (r = 0.278) contained the words “news,” epidemic,” 

“overdoses,” and “deadly,” and was assigned the theme “opioid-related news.” The topic 

correlated with state overdose death rates (r = 0.449) included the words “prescription,” 

“online,” “delivery,” “cheap,” and “buy,” and was assigned the theme “online drug 

purchasing.”

Discussion

Our study had three major findings: 1) Unique opioid-related topics emerge from natural 

language processing of tweets containing opioid terms; 2) Distinct linguistic themes related 

to opioids are significantly correlated with different Census Bureau regions and divisions; 

and 3) Unique opioid-related linguistic themes are correlated with opioid overdose at the 

state and county levels.

Topics Correlated with Census Bureau Divisions

Our analysis of opioid-related tweets revealed linguistic differences in opioid topics 

discussed in different geographic areas. Opioid topic themes from Twitter may provide 

context for the unique characteristics of opioid misuse patterns in different areas, including 

how different areas have chosen to respond to the opioid epidemic, how opioids are 

perceived by the public, and what causal factors influence opioid misuse. For example, 

topics with the theme of “drug-related crime” were correlated only with the three most 

northeastern Census Bureau divisions (New England, Middle Atlantic, and East North 

Central), while topics with the theme “language of use” (containing words like “pop,” “pill,” 

“lean,” and “dreams”) were primarily in the three southeastern divisions. These differences 

in linguistic themes parallel other regional differences related to opioid misuse identified in 

previous studies (Unick & Ciccarone, 2017; Keyes, et al., 2014). For example, analysis of 

data from the National Inpatient Sample from 2000 to 2014 showed that hospitalizations for 

heroin overdose were highest in the Northeastern Census Bureau region while 

hospitalizations from prescription opioid overdose were highest in the South (Unick & 

Ciccarone, 2017). Linguistic analysis may provide useful insight into the unique challenges 

involved in developing responses to an opioid market heavily influenced by illicit drug 

traffic versus one driven by trade in prescription medications. Similarly, the emergence of 

online drug purchasing as a unique characteristic of the western Census Bureau divisions 

may provide key insight into opioid source control and strategies employed by illicit opioid 

manufacturers and distributors (Popper, 2017; Gabler & Harris, 2017).

Topics Correlated with County- and State-Level Opioid Overdose Death Rates

Our study also demonstrated that linguistic topics related to opioids are significantly 

correlated with opioid overdose death rates at the county- and state-level. This finding adds 

to the body of evidence showing that linguistic themes from social media data, including 

Twitter, can be significantly correlated with healthcare outcomes in specific populations. 

Other studies have demonstrated the utility of Twitter data for disease prediction and 

surveillance (Woo, et al., 2017; Gruebner, et al., 2017; Marques-Toledo, et al., 2017; Gabler 
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& Harris, 2017) and characterization of discussion about specific health conditions and 

interventions (Glowacki, et al., 2017; Dredze, et al., 2017).

In the case of the opioid epidemic, linguistic topics from Twitter could potentially be used to 

identify opportunities for targeted intervention in different populations or geographic areas. 

Twitter data may also have potential as a surveillance tool for identification of counties at 

imminent risk for increase in opioid overdose deaths, for example, in the case of an influx of 

potent synthetic opioids like fentanyl or carfentanyl. Recently, rapid changes in the opioid 

market due to the influx of synthetic opioids have led to large spikes in opioid overdose 

death rates in specific geographic areas (Deutsch, 2016; Katz, 2017; Seelye, 2016). The 

potential for Twitter to be used as a surveillance tool for the identification of at-risk areas 

prior to a resultant increase in overdose deaths merits further study (Slavova, et al., 2017; 

Geletsky & Davis, 2017).

Limitations

The use of Twitter data has some inherent limitations. Surveillance potential of Twitter data 

depends on a sufficient tweet volume to generate signal and compensate for noise. Of the 

39,370,929,538 tweets in the random sample, 37,591,877,163 could not be geolocated, 

resulting in geographic areas without sufficient data to generate opioid-related topics, 

especially at the county-level. Only the geocoded sample was searched for opioid-related 

language. Twitter users do not comprise a representative sample of the US. Tweets about 

opioids may not be made by the individuals using them, so analysis of Twitter content may 

reflect public perspective rather than the language of individuals who use opioids. Non-

geocoded tweets excluded from analysis may also have differed from those that were 

geocoded. Further examination of methods that can be used to assess, predict, and survey 

opioid-related outcomes with greater geographic specificity are needed.

Conclusions

Our study shows that linguistic themes from Twitter are significantly correlated with Census 

Bureau divisions and with county- and state-level opioid overdose death rates. Content of 

opioid-related topics from Twitter may offer important insight into the drivers and 

consequences of opioid misuse in different areas. This information could contribute valuable 

context for policy decisions and be used to identify areas at higher risk for opioid overdose. 

Additional studies assessing how linguistic themes on Twitter and other social media 

platforms are related to opioid outcome measures and geographic differences in patterns of 

opioid misuse could enhance the potential of social media platforms as a surveillance and 

assessment tool.
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Refer to Web version on PubMed Central for supplementary material.
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Figure 1|. Most common Twitter themes correlated with Census Bureau divisions
The variable number of themes shown for each division is the result of topic redundancy. For 

example, in the New England division, only two themes are described in the figure, because 

all five of the most common topics reflected one of those two themes.

Graves et al. Page 10

Subst Use Misuse. Author manuscript; available in PMC 2019 November 10.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Figure 2|. Theme and example of opioid-related topics significantly correlated with Census 
Bureau divisions
The size of the words in the word cloud represent the relative frequency of occurrence 

within a given topic.
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Table 1|
Descriptive summary of tweet cohort and crude opioid overdose death rate by Census 
Bureau division

The unique user count, message count, and opioid overdose death rate for each Census Bureau division is 

shown.

Census bureau division
a Unique User Count Message Count Crude Opioid Overdose Death Rate per 100k Population

b

East North Central 11229 13124 25.6

East South Central 3295 3807 26.5

Middle Atlantic 8116 9358 22.7

Mountain 4511 5320 25.7

New England 3748 4336 30.3

Pacific 15343 18503 17.5

South Atlantic 13680 158 73 20.8

West North Central 3769 4271 16.6

West South Central 8520 9431 16.8

a
. East North Central: Indiana, Illinois, Michigan, Ohio, Wisconsin. East South Central: Alabama, Kentucky, Mississippi, Tennessee. Middle 

Atlantic: New Jersey, New York, Pennsylvania. Mountain: Arizona, Colorado, Idaho, New Mexico, Montana, Utah, Nevada, Wyoming. New 
England: Connecticut, Maine, Massachusetts, New Hampshire, Rhode Island, Vermont. Pacific: Alaska, California, Hawaii, Oregon, Washington. 
South Atlantic: Delaware, District of Columbia, Florida, Georgia, Maryland, North Carolina, South Carolina, Virginia, West Virginia. West North 
Central: Iowa, Kansas, Minnesota, Missouri, Nebraska, North Dakota, South Dakota. West South Central: Arkansas, Louisiana, Oklahoma, 
Texas.

b
. Centers for Disease Control and Prevention. (2017). Wide-ranging online data for epidemiologic research (WONDER). Retrieved from https://

wonder.cdc.gov
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Table 2|
Opioid themes and example topics significantly correlated with opioid overdose death rate 
at the county and state levels

Themes significantly correlated with the opioid overdose death rate at the county and state levels are shown 

below. An example topic for each theme is included.

Geographic division Theme
(r value)

Example topic

County Drug-related crime
(r = 0.331)

Opioid-related news
(r = 0.278)

Pop culture
(r = 0.282)

State Online drug purchasing
(r = 0.449)
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