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Abstract

Background: Social media are considered promising and viable sources of data for gaining insights into various disease
conditions and patients attitudes, behaviors, and medications. They can be used to recognize communication and behavioral
themes of problematic use of prescription drugs. However, mining and analyzing social mediadata have challenges and limitations
related to topic deduction and data quality. As aresult, we need a structured approach to analyze social media content related to
drug abuse in amanner that can mitigate the challenges and limitations surrounding the use of such data.

Objective: This study aimed to develop and evaluate a framework for mining and analyzing social media content related to
drug abuse. The framework is designed to mitigate challenges and limitations related to topic deduction and data quality in social
media data analytics for drug abuse.

Methods: The proposed framework started with defining different terms related to the keywords, categories, and characteristics
of the topic of interest. We then used the Crimson Hexagon platform to collect data based on a search query informed by a drug
abuse ontology developed using the identified terms. We subsequently preprocessed the data and examined the quality using an
evaluation matrix. Finally, a suitable data analysis approach could be used to analyze the collected data.

Results: Theframework was eval uated using the opioid epidemic asadrug abuse case analysis. We demonstrated the applicability
of the proposed framework to identify public concerns toward the opioid epidemic and the most discussed topics on social media
related to opioids. The results from the case analysis showed that the framework could improve the discovery and identification
of topicsin socia mediadomains characterized by aplethoraof highly diversetermsand lack of acommonly available dictionary
or language by the community, such asin the case of opioid and drug abuse.

Conclusions: The proposed framework addressed the challenges related to topic detection and data quality. We demonstrated
the applicability of the proposed framework to identify the common concerns toward the opioid epidemic and the most discussed
topics on social mediarelated to opioids.
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Introduction

Background

Social mediaare used by patients to exchange information and
discuss different health-related topics[1]. Popular social media
platforms, such as Twitter, provide efficient methods of
information accessfor health surveillance and socia intelligence
[2] and could be used to recognize communication and
behavioral themes of problematic use of prescription drugs[3].
Social media have been used in severa studies as a resource
for monitoring prescription medication abuse [3-7]. The
literature shows that clear signals of medication abuse can be
drawn from social media posts [5]. Furthermore, the literature
used text mining to examine and compare discussion topics to
discover the thematic similarity, difference, and membership
in online mental health communities [8], provide timely
information for epidemiologic surveillance[9], and analyzethe
public’s reactions to the opioid crisis [10].

Prior Work

Social media users posts are used to better understand
providers attitudes toward using recovery drugs, such as
“naloxone,” to treat opioid addiction [11]. Indeed, social media,
such as Twitter, can serve as data sources for approaches that
automatically detect opioid addicts and support a better practice
of opioid addiction, prevention, and treatment [12]. Several
studies have used social media as sources of input data to
identify individuals amenable to drug recovery interventions
[13] and used text mining to examine and compare discussion
topics on social media communities to discover the thematic
similarity, difference, and membership in online mental health
communities [8].

Kalyanam et al [4] developed a strategy in the field of digital
epidemiology to better identify, analyze, and understand trends
in the nonmedical use of prescribed medications and drugs
through social mediaby utilizing unsupervised machinelearning
methods. The results showed that social media data mining
could provideinsightsregarding knowledge from daily life that
could support a better practice of opioid addiction prevention
and treatment. Cherian et al [6] characterized representations
of codeine misuse through analysis of public posts on Instagram
using content analysis to identify common themes arising in
images. The results showed that codei ne misuse was commonly
represented with the ingestion of acohol, cannabis, and
benzodiazepines.

Further, Lu et al [7] analyzed Reddit data to gain insight into
drug use/misuse by classifying user posts using a binary
classifier that predicts transitions from casual drug discussion
forums to drug recovery forums. Analysis and results showed
that the proposed approach “ delineates drugs that are associated
with higher rates of transitionsfrom recreational drug discussion
to support/recovery discussion, offersinsightsinto modern drug
culture, and provides tools with potential applications in
combating the opioid crisis’ [7]. Jelodar et al [14] examined
online discussionsto discover knowledge and evaluate patients
behaviors based on their opinions and discussions about al cohol,
using a semantic framework based on a topic model (latent
Dirichlet alocation [LDA]) and random forest. The results

https://www.jmir.org/2020/8/€18350

Nasralah et al

showed that social media data could be helpful in detecting
relevant safety problemsin apatient’s daily life.

To demonstrate that the use of machine learning and linguistic
rules separately is not enough to achieve better results for
information extraction from social media, Jenhania et al [15]
proposed a hybrid system combining dictionaries, linguistic
patterns, and machine learning to extract structured and salient
drug abuse information from health-related tweets. The results
showed that the use of alinguistic method based on adictionary
with no dictionary updates is a failed solution. Combining
linguistic rules, machine learning, and domain achieved good
performance compared with other approaches.

Goal of This Study

Despite recent advances, there are several limitations that exist
when social mediadataare used for studying drug abuse. First,
limitations exist in terms of data relevance and the ability to
capturerelevant data[6,16]. Second, challenges exist with social
media data in terms of completeness and inconsistencies,
especialy with data collected from multiple resources [17].
Third, user-generated content often includes users' personal
opinionsand thoughts, making thetask of extracting high-quality
information from such dataincreasingly important [ 18]. Finally,
obtaining high-quality datais a key to avoid any issues in the
data preparation step. Severa studies reported issues with
informal language used on social media[17-19], which could
lead to low data quality.

Based on the aforementioned challenges and issues, thereisa
need to develop a framework that identifies important and
relevant quality data on socia media to study drug abuse.
Furthermore, research that systematically analyzes social media
content to study drug abusein amanner that mitigates challenges
and limitations related to topic deduction and data quality is
needed.

This research proposed a social media text mining framework
for drug abuse that provides a systematic approach to analyze
social media data and addresses challenges related to topic
deduction and data quality. We demonstrated the applicability
of the proposed framework using the opioid epidemic asadrug
abuse case analysis by analyzing Twitter data. Twitter was
selected because it is an instant day-to-day micro-blogging
platform [20] and is widely considered to have an advantage
during crises[21]. From atheoretical perspective, thisresearch
highlights the importance of developing and adapting text
mining techniquesfor social mediadataanalyticsin the context
of drug abuse. From a practical perspective, automatically
analyzing social media user—generated content can help
understand the public themes and topics regarding drug abuse
that exist in social media networks.

Methods

Social MediaText Mining Framework for Drug Abuse

Figure 1 shows the systematic framework to study drug
abuse—related topics using social media data. The framework
addresses topic detection and data quality chalenges. The
framework consists of four phases, namely, discovery and topic
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detection, data collection, data preparation and quality evaluation, and finally, analysis and results.
Figure 1. Social mediatext mining framework for drug abuse. Rx: prescription.
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Figure: Drug Abuse Content Mining Framework on Social Media

Phase | : Discovery and Topic Detection

According to the literature, challenges and limitations in
discovery and topic detection exist [16,17,19]. The
interdisciplinary nature of social media data and difficultiesin
determining the topic that social media posts represent are the
most common challenges in socia media analysis [17]. To
address these challenges, our framework includes a topic
expansion step. This step identifies drug abuse—related topics
that address the research domain and objectives. To formalize

based on the literature and expanded the drug abuse ontology
proposed by Cameron et al [22] by including related concepts
and instancesin prescription drug classes (Figure 2) that relate
to symptoms, prescription drugs, illicit drugs, slang terms,
related activities and behaviors, recovery, conditions, location,
and period. The new ontology builds on the ontology by
Cameron et a [22] by grouping concepts and instances into
themes, reorganizing the concepts hierarchy, and including
additional slang keywords and terminol ogies based on collected
datathat are related to opioid abuse.

theidentification process, we created an ontology for drug abuse

Figure 2. Drug abuse ontology for drug main terms and classes.
v owl:Thing
v Drug
Cannabinoids
Hallucinogen
> Opioid
> Sedative
> Stimulant
Feeling
v User drug source
A4 Source
Person
Place
v User drug usage
Amount
Method
Reason

geographic location: United States, etc). The selection of
relevant search keywords is based on the proposed ontology in
the topic expansion step.

Phase ||: Data Collection

Datacollection is determined by the date range of interest, social
mediadata sources, such as Twitter, relevant keywordsto search
for posts, and restrictions to impose (language: English,
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Phase | I1: Data Preparation and Quality

The veracity of data leads to issues in data preparation [17].
Therefore, we need to preprocess the collected data and clean
it from stop words, punctuations, URLS, etc. To extract quality
datafor the analysis phase, we evaluated the quality of the data
with respect to the terms from the topic expansion step, using
an evaluation matrix (Figure 3). The evaluation matrix examines
each user's post in the data set to ensureit includes rel ated terms
from the ontology in the topic expansion step.

We automatically generated and popul ated the eval uation matrix
using natural language processing (Python NLTK package) to
examine the relevant user tweet. Thereafter, each user’s post
(represented as a row) was evaluated against different terms
(represented as columns) from the topic expansion step. If the
term is present in the post, the value of the term will be one;
otherwise, it will be zero.

Evaluation is performed by assigning a data quality score for
each post. The value of the quality score was cal culated based

Figure 3. Evaluation matrix for users’ postquality assessment.
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on the summation of al the term values. The quality score of
each user’s post was used asametric for filtering out low-quality
irrelevant posts. Specifically, posts with quality scores from 2
to 10 were retained as relevant posts and those with scoresless
than 2 or greater than 10 were considered not relevant.

Thresholds were selected based on manual analysis of the
collected data. The choice of 2 as the minimum quality score
for a post to be relevant was based on the presence of two
keywords from the ontology, which increases the possibility of
making the post relevant to the topic. The presence of another
feature in the post increases the chance of making the context
of the post relevant to the study topic. On the other hand, the
choice of 10 as the maximum quality score for a post to be
relevant was based on manual analysis, where the presence of
many words (>10) in a post makes the subject matter and the
context of the post too scattered and inaccurate to be relevant
to the topic. The evaluation matrix performance was validated
against a ground truth. The ground truth represents manually
labeled posts.

Post ID Word 1 Word 2 Word 3 Word 4

Wordn-1| Wordn Score |Auto_Lable

Post 1

Post 2

Post 3

Post 4

Post m-1

Postm

Phase | V: Analysis Approaches and Methods

Oncequality data are ascertained, the researcher can choosethe
suitable data analysis approach based on research questionsand
objectives. Such approaches could be unsupervised machine
learning approaches like topic modeling [23] and supervised
machine learning approaches like classification [24].

Evaluation of the Framework

We instantiated the proposed framework using opioid drug
abuse as a case study. To demonstrate and eval uate the proposed
topic expansion step in the framework, we instantiated an opioid
drug abuse ontology from the proposed drug abuse ontology in
Figure 2. To demonstrate the applicability of the opioid drug
ontology, we used asample data set of 10,000 tweets belonging
to self-identified opioid users on Twitter. We studied the
distribution of the ontology terms and their occurrence over the
collected samples. We relied on data collected from Twitter
using the Crimson Hexagon platform from June 29, 2018, to
April 11, 2019.

To evaluate the performance of the evaluation matrix asthefirst
step in the process, we randomly selected 1000 tweets from the
results of the search query. Two independent researchers
reviewed the 1000 tweets to determine if each tweet was
relevant. We measured the level of agreement using the Cohen
kappa interrater reliability metric [25]. Considering the search
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query as our “base” classifier (classifier 1), where al 1000
tweetswere predicted asrelevant, we eval uated its performance
against the “ground truth” obtained from manually evaluating
the relevance of the 1000 randomly selected tweets, using
standard data mining and machine learning performance metrics
[26]. Using the same 1000 tweets, we applied the evaluation
matrix (referred to as classifier 2) to classify the tweets as
relevant or nonrelevant based on their quality score. Using the
ground truth data obtained earlier, we eval uated the performance
of classifier 2 and compared its performance metrics against
those obtained for classifier 1.

Since our interest was to identify the different topics that exist
in Twitter data about the opioid epidemic, we applied
unsupervised text modeling using LDA [23] to extract the
different topics that Twitter users have in their tweets. In our
case analysis of studying the opioid epidemic, we followed the
best practices suggested by Arun et a [27] and computed the
term frequency-inverse document frequency (TF-IDF) and
perplexity of a held-out test set to evaluate LDA models using
a different number of topics. We trained several LDA models
with a different number of topics (k) and evaluated the
perplexity of a held-out test set. We held out 20% of the data
for test purposes and trained the model s on the remaining 80%.
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Results each branch in the tree represents the number of tweets based
on the node terms. For example, searching relevant tweetsusing

The results demonstrate the instantiation of the four phases of ~ OPioid drug—related terms, such as opioid, opioids, opiate, and
the proposed framework. Regarding phase I, Figure 4 depicts opiates, yielded §OOO related tweets out of th_e_l0,000 tweets.
the results of an instantiation of the ontology in Figure 2 for ~ HOWever, searching tweets using more specific and focused
opioid drug abuse, while Figure 5 shows the opioid drug abuse  t€Ms that belong to all subclasses of the “opioid drug” class
ontology classes using atree representation. Thesamepost can  Yi€lded 9886 related tweets. A sample of the defined termsin
belong to more than one class in the tree. The number next to e ontology can be found in Multimedia Appendix 1.

Figure4. Opioid drug abuse ontology that includes opioid-related terms and concepts.
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Hydrocodone
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Feeling
V- User drug source
A4 Source
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Place
V- User drug usage
B Amount
Frequency
Method
Reason

Figure5. Opioid drug abuse ontology tree hierarchy that reflects the distribution of sample tweets over the ontology concepts and terms. Rx: prescription.
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In phasell, using the Crimson Hexagon platform, asocial media
analytics tool for data collection and analysis, we created a
search query (Figure 6) using terms extracted from the opioid
drug abuse ontology to retrieve datawith no retweets or URLS.
For the time period from June 29, 2018, to April 11, 2019, we
collected Twitter datarelated to the opioid epidemic from social
media usersliving in the United States, including practitioners,
leaders, patients, journalists, etc, who tweeted about opioids.
Overall, we were able to collect 502,830 English-language
tweets. Figure 7 shows a sample of the collected tweets.

Reviewing the 1000 randomly selected tweets as part of phase
[11 resulted in 764 relevant tweets and 236 nonrelevant tweets
representing the ground truth of the evaluation process. The
resultant level of agreement using the Cohen kappa interrater
reliability metric was 0.70, which represents moderate agreement
[25].

The “base’ classifier (classifier 1) (reflecting the search query
without the application of the evaluation matrix) defaults to all
1000 tweets predicted as relevant, and this effectively indicates
that 764 tweets were categorized as true positive and the
remaining 236 tweets were categorized as false positive. The
resultant performance metrics for our “base’ classifier are
summarized using the evaluation metrics under classifier 1 in
Table 1.

Using the evaluation matrix (referred to as classifier 2) to
classify the 764 relevant tweets representing the ground truth,
classifier 2 resulted in 738 tweets classified as relevant (true
positives) and 26 tweets classified as nonrelevant (false
negatives). From the 236 nonrelevant tweets, classifier 2

Nasralah et al

classified 190 tweets as nonrelevant (true negative) and 46
tweets as relevant (false positive). The performance metrics
using the evaluation matrix are summarized under classifier 2
in Table 1.

The results from Table 1 demonstrate that the proposed
evaluation matrix outperformsthe manual process. Such results
are considered sufficient to adopt the evaluation matrix for
evaluating the quality of the collected tweets.

We demonstrate the use of the evaluation matrix to automatically
evaluate the relevance of the opioid-related tweets. Using the
opioid drug abuse ontology, we ended up with more than 250
related terms. To obtain good data quality, we used a variety of
opioid drug abuse terms in the evaluation matrix as features.
The terms were adapted from the opioid ontology. Figure 8
shows a sample of the evaluation matrix results.

Based on the evaluation matrix score that represents the
summation of the occurrence of ontology termsin atweet, the
matrix labeled relevant tweets with 1 if the tweet score was O
[2, 10] and nonrelevant tweets with zero if the tweet score was
0[2, 10].

According to the evaluation matrix, 366,736 tweets out of the
502,830 collected tweets were deemed relevant (good quality)
based on their scores. Multimedia Appendix 1 includes tables
showing samples of good quality and excluded tweets. After
we obtained the good quality tweet data set, we applied severa
preprocessing steps to prepare the data for the analysis phase,
including the removal of emojis, lemmatization, and
tokenization.

Figure 6. A search query based on the terms and concepts from the opioid drug abuse ontology to collect opioid-related users’ posts.

(

Opicid OR Opiocids OR Opiate OR Opiates OR Codeine OR Naloxone OR Propoxyphene
OR Hydrocodone OR Vicodin OR Oxycodone OR OxyContin OR Oxy OR Oxys OR Percocet
OR Oxymorphone OR Opana OR Morphine OR Hydromorphone OR Tramadol OR Fentanyl
OR Duragesic OR Actig OR Subsys OR Recovery Drugs OR Methadone OR Dolophine
OR Methadose OR Diskets OR Naltrexone OR Revia OR Vivitrol OR Buprenorphine

OR Probuphine OR Subutex
)

OR Suboxone

AND -
(http OR https OR RT)

Figure 7. Sample of the collected tweets.
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od actually a really difficult solution but "bring your leftover opiates back to Walgreen 20 Mar 2019
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uld get onit.

v Buprenorphine reduces mortality based on its pharmacological properties of bloc I 28 Mar 2019
king other Opioids. Insisting on psychotherapy will result in preventable deaths. -

v When | saw the Codeine reunion | didn‘t drink anything for hours so this wouldn't & 29 Mar 2015
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Table 1. Metrics comparing the performance of manual analysis (classifier 1) and the evaluation matrix (classifier 2) [26].

Variable Without evaluation matrix (classifier 1) With evaluation matrix (classifier 2)
Precision 0.764 0.941
Recall 1.000 0.966
F-measure 0.866 0.953
Accuracy 0.764 0.928

Figure 8. Sample outcomes from the eval uation matrix, where tweets autolabeled O are irrelevant and tweets autolabeled 1 are relevant.

Tweets boi die dies dr tobacco

tram tylenol

vivitrol watsons weed whitepowder Score Auto_Label

Dat codeine

gimme chills & o 0 1 o 0 0
@ so cold | give
e..

@BobCorlewTN

This is just
hysterical bulishit  ©  ° 0 0 - 0 0

That #LivePD
bust reminded
me of 1 of my

favor...

‘codeine crazy'is
why TM88
probably gets a
ca...

Oncewe were ableto finalize the set of relevant tweets, in phase
IV, we applied the LDA topic mining algorithm as noted in the
methodology. In that regard, the results showed that the
perplexity decreased with an increase in the number of topics
but tended to converge at a specific point. This occurred at
around 50 topics; hence, we set the number of topicsto 50. We
examined the LDA model results and manually labelled and
grouped 18 topics from among the 50 topics of the public opioid
tweets. The topics were labelled by two researchers
independently and then reviewed iteratively. Figure 9 shows
theword cloudsfor the top ninetopics, with the size of theword
representing the unigram TF-1DF score.

Figure 9. Top nine topic word clouds.

For each tweet, the LDA algorithm calculated the probability
that tweet x belongs to topic y. Thereafter, we computed the
topics weights by determining how many tweets belonged to
a specific topic. Table 2 shows the distribution of public opioid
tweets over the topics. The most prevalent topics were related
to the opioid crisis. Many posts were related to topics, such as
chronic pain medications, the opioid crisis and how the US
government deals with it, opioids drugs coming across the US
border, deaths because of overdose due to opioid fentanyl and
heroin, opioid treatments, opioid crisisasareal problem, taking
opioid medications for health problems such cough, opioid
overdose deaths, opioid crisisimpact on American communities,
and patients suffering from opioid addiction.
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Table 2. Public opioid topic weights.
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Topic  Description Top 10 topic words Topic weight? (N=264,522)
1 Chronic pain medications Pain, opioid, chronic, med, patient, medication, people, emergency, 40,437 (15.29%)
doctor, and prescribed
2 Opioid crisis and government Opioid, crisis, epidemic, money, government, abuse, trump, end, tax, 28,210 (10.66%)
and change
3 Border as the source of fentanyl Border, fentanyl, drug, wall, American, coming, stop, country, human, 25,380 (9.59%)
and China
4 Overdose death from street fentanyl  Fentanyl, heroin, people, drug, Kill, illicit, overdoses, street, literaly, 25,226 (9.54%)
and heroin and laced
5 Opioid addiction treatments Addiction, opioid, addict, suboxone, drug, treatment, people, understand, 18,160 (6.87%)
free, and increase
6 Opioid crisisasarea problem Problem, opioid, real, crisis, issue, people, making, number, drug, and 13,966 (5.28%)
started
7 Opioid drugs for cough and other ~ Codeine, pill, oxy, shit, cough, percocet, sex, yall, buy, and sound 13,950 (5.27%)
health problems
8 Opioid overdose deaths Death, overdose, opioid, died, die, people, life, naloxone, opioid crisis, 13,179 (4.98%)
and save
9 Opioid crisisimpact on Americans  Opioid, family, crisis, America, job, rate, community, place, epidemic, 11,214 (4.24%)
and member
10 Patient suffering from opioid pre-  Patient, doctor, opioid, cancer, prescribing, control, doc, suffering, opi- 10,909 (4.12%)
scriptions oids, and suicide
11 Taking opioids after surgery or Day, morphine, feel, surgery, hospital, gave, time, home, needed, and 10,326 (3.90%)
hospitalization sick
12 Illegal market for getting prescrip-  Drug, prescription, illegal, street, market, dedler, law, opioid, supply, 9948 (3.76%)
tion drugs and sell
13 Legalizing medical marijuanaand  Medical, marijuana, opioid, cannabis, legal, research, pot, study, state, 9129 (3.45%)
cannabis and cannabidiol
14 People dying from opioids People, opioid, white, dying, news, crime, crack, folk, black, and house 9012 (3.41%)
15 Public health and substance Care, health, opioid, substance, public, worse, world, guy, mental, and 8065 (3.05%)
vote
16 Opioid addiction and withdrawal Addicted, opiate, percocet, week, people, opioid, withdrawal, hooked, 7662 (2.90%)
thinking, and common
17 Methadoneclinic solutionsfor addic-  High, methadone, solution, fix, clinic, level, crazy, gone, heroine, and 4912 (1.86%)
tion wait
18 School health care education pro-  Today, program, school, access, healthcare, policy, jail, recovery, act, 4837 (1.83%)

grams and education

#The number represents the number of tweets in each topic, and the percentage represents the proportion of tweets with respect to all tweets.

Discussion

Principal Findings

Asshown in Table 1, use of the data quality evaluation matrix
resulted in a distinct improvement, as depicted by the
improvementsin accuracy, precision, and F-measure. The slight
decline in recdl is an artifact of the metric, where al posts
generated using the search query were predicted as relevant.
The F-measure, which captures precision and recall, depicted
a 10% increase in the classification relevance when the
evaluation matrix was used.

With respect to the case study, the topics identified using the
LDA topic modeling algorithm match the exiting topicsin the
literature, such as efforts by the former president of the United
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Statesto addressthe opioid epidemic, promotion and legalization
of marijuana as an effective alternative for managing pain,
marijuanaas an aternative to opioids, roles of foreign countries
in the epidemic and production of synthetic opioids,
advertisements promoting opioid recovery programs [10], and
opioids as “medications’ to alleviate pain [28].

With respect to medication and pain management, topics 1, 7,
10, and 11 captured the public’'s concerns about the prescriptions
of chronic pain opioid medications for emergency health
conditions and surgery-related chronic pain management. The
strategy to address such issues is to change the policies for
prescribing chronic pain medications. Example policies and
strategies include promoting the responsible use of opioids,
reducing the supply of opioids, implementing drug take-back
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programs[29], tracking and monitoring prescription drug abuse,
and reporting electronic prescriptions [30].

With respect to prescription drug abuse, topics 4, 8, 12, and 14
dominated discussions about overdose deaths from taking
opioidsand illicit drugs, such asheroin, offered by street dealers
and other illegal venues. Tightening monitoring and control
over such venues (particularly online) can play amajor rolein
the availability of such drugs and can ultimately reduce fatal
cases of drug overdose.

With respect to the opioid drug crisisin the United States, topics
2, 3, 6, and 9 reflected discussions focusing on the opioid use
crisis, how opioid drugs coming acrossthe US border exacerbate
the crisis, and the US government’s actions toward this crisis.
Interventions to solve such a situation can involve supporting
existing agencies such as customs and law enforcement units
and drug interdiction agencies. The results are consistent with
findings from the study by Glowacki et a [10], where many
discussion topics were related to efforts from the former
president of the United States to address the opioid epidemic,
warningsfrom the Food and Drug Administration about mixing
opioidswith sedatives, and attempts from opioid makersto stop
the legalization of marijuana.

With respect to compulsive drug seeking and use treatments,
topics 5, 17, and 18 relate to opioid addiction treatments and
resources that provide such treatments. Providing individuals
and clinics with information about opioid treatment programs
and increasing the number of providers of such programs can
help in mitigating opioid addiction and overdose problems.
Furthermore, providing schools with health care education
programs about opioid addiction and recovery programs can
create awareness in the community.

With respect to drug legalization for medical or recreationa
use, topic 13 involved discussions to legalize marijuana for
medical and recreational use instead of using opioid
prescriptions. Such discussions are in agreement with findings
and recommendations regarding the promotion and legalization
of marijuana as an effective aternative for managing pain
[10,28], as well as advertisements promoting opioid recovery
programs [10,31].

Our analysis identified specific discussions that were not
identified by prior research. These discussions were mainly
about the public’sawareness of problemswith opioid overdose,
its causes, and its consequences; the benefits of rehabilitation
clinics as solutions for opioid addiction and overdose; and the
need for health care educational programs at schools.

Overall, the most discussed topics in the analysis can help in
understanding the different concernsthat the public has around
the opioid crisis in the United States. This can serve as a key
input for defining and implementing innovative solutions and
strategies to address the opioid epidemic.

Conclusions

Online socia media are rich sources of data on an individual's
daily activities and lifestyle. Applying text mining techniques
can help in understanding the concerns of online social
communities. This study aimed to formulate a systematic
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analysis approach to aobtain good quality social media data sets
of drug abuse. We developed a social media text mining
framework for drug abuse. We addressed how the framework
can help in solving associated challenges related to topic
detection and data quality. Further, we demonstrated the
applicability of our proposed framework to identify the common
concerns toward the opioid epidemic, and we addressed the
most discussed topics on social media related to opioids. The
insightsfrom the daily posts of public and opioid-addicted socia
media network users can help provide better opioid prevention,
treatment, and recovery strategies. From an information systems
perspective, the framework and associated processes can be
applied to other domains where there are challenges associated
with topic identification and data quality. This research
strengthens public health data reporting and collection through
social media. With regard to the broader impact of the research
results, we expect better insights into drug abuse epidemics.

Theoretical and Practical | mplications

From a theoretical perspective, this research highlights the
importance of devel oping and adapting text mining techniques
to socia media data analytics for drug abuse. A particular
significance is the emphasis on developing methods for
improving the discovery and identification of topics in social
media domains characterized by a plethora of highly diverse
terms and lack of acommonly available dictionary or language
by the community, such asin the case of opioid and drug abuse.
The framework addresses problems associated with dataquality
in such contexts and can be applied to other domains where
there are challenges associated with topic identification and
data quality.

From a practical perspective, automatically analyzing social
media users’ posts can help decision-makers to understand the
public themes and topics that exist in online communities.
Addressing the most discussed topics on social media related
to drug abuse, such asthe opioid epidemic, can help understand
the problem dimensions and create proper strategies. Moreover,
classifying the online socia activities of people who are addicted
or have been addicted to opioids can hel p understand the nature
of their issues of misusing or overdosing opioid prescriptions,
as well as understand user experience. This can help in
identifying their concerns and their common issues.
Furthermore, it can help in understanding different themes, such
asthe ways that lead individuals to be addicted, theillicit ways
that they obtain opioids, the management of their addiction (if
they do manageit), the kinds of medicationsthey useto recover,
the other drugs they use or are addicted to, and the types of
opioids they are addicted to and their percentages.

Limitations and Future Research

Additional refinement of the data quality evaluation matrix is
needed. For the study case analysis, additional refinement of
the defined categories can further support the applicability of
the framework. Finally, there is a need to supplement the
collected data with surveys of opioid usersto better understand
their specific concerns and experiences.

Future research aims to explore the proposed framework using
different social media platforms to discover the relations
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between “opioid” online communities and other online health  relation with people addicted to opioids and could further
communities, such as “chronic pain,” “posttraumatic stress improve the effectiveness of detecting drug abuse topics from
disorder,” and “anxiety.” Such communitiescould haveastrong users posts.

Acknowledgments

The authors would like to thank Dakota State University for generously supporting this research by providing access to the
Crimson Hexagon platform.

Conflictsof I nterest
None declared.

Multimedia Appendix 1

Samples of the opioid drug abuse terms and tweets.
[DOC File, 76 KB-Multimedia Appendix 1]

References

1.  Tapi Nzali MD, Bringay S, Lavergne C, Mollevi C, Opitz T. What Patients Can Tell Us: Topic Analysisfor Social Media
on Breast Cancer. IMIR Med Inform 2017 Jul 31;5(3):€23 [FREE Full text] [doi: 10.2196/medinform.7779] [Medline:
28760725]

2. WangF, Carley KM, Zeng D, Mao W. Social Computing: From Social Informaticsto Socia Intelligence. IEEE Intell. Syst
2007 Mar;22(2):79-83. [doi: 10.1109/M1S.2007.41]

3. Kim$SJ, Marsch LA, Hancock JT, Das AK. Scaling Up Research on Drug Abuse and Addiction Through Social MediaBig
Data. JMed Internet Res 2017 Oct 31;19(10):e353 [FREE Full text] [doi: 10.2196/jmir.6426] [Medline: 29089287)

4.  Kayanam J, Katsuki T, R G Lanckriet G, Mackey TK. Exploring trends of honmedical use of prescription drugs and
polydrug abuse in the Twittersphere using unsupervised machine learning. Addict Behav 2017 Feb;65:289-295. [doi:
10.1016/j.addbeh.2016.08.019] [Medline: 27568339)]

5. Sarker A, O'Connor K, Ginn R, Scotch M, Smith K, Malone D, et al. Social Media Mining for Toxicovigilance: Automatic
Monitoring of Prescription Medication Abuse from Twitter. Drug Saf 2016 Mar;39(3):231-240 [FREE Full text] [doi:
10.1007/s40264-015-0379-4] [Medline: 26748505]

6. Cherian R, Westbrook M, Ramo D, Sarkar U. Representations of Codeine Misuse on Instagram: Content Analysis. IMIR
Public Health Surveill 2018 Mar 20;4(1):e22 [FREE Full text] [doi: 10.2196/publichealth.8144] [Medline; 29559422]

7. LuJ, Sridhar S, Pandey R, Hasan M, Mohler G. Redditorsin Recovery: Text Mining Reddit to Investigate Transitionsinto
Drug Addiction. 2018 Presented at: 2018 | EEE International Conference on Big Data; December 10-13, 2018; Seettle, WA,
USA. [doi: 10.1109/bigdata.2018.8622552]

8. Pak A, Conway M, Chen AT. Examining Thematic Similarity, Difference, and Membership in Three Online Mental Health
Communitiesfrom Reddit: A Text Mining and Visualization Approach. Comput Human Behav 2018 Jan; 78:98-112 [FREE
Full text] [doi: 10.1016/j.chb.2017.09.001] [Medline: 29456286]

9. LokaaU, Lamy FR, Daniulaityte R, Sheth A, Nahhas RW, Roden JI, et a. Global trends, local harms: availability of
fentanyl-type drugs on the dark web and accidental overdosesin Ohio. Comput Math Organ Theory 2019 Mar;25(1):48-59
[FREE Full text] [doi: 10.1007/s10588-018-09283-0] [Medline: 32577089]

10. Glowacki EM, Glowacki JB, Wilcox GB. A text-mining analysis of the public's reactions to the opioid crisis. Subst Abus
2018;39(2):129-133. [doi: 10.1080/08897077.2017.1356795] [Medline: 28723265]

11. Haug NA, Bielenberg J, Linder SH, Lembke A. Assessment of provider attitudes toward #naloxone on Twitter. Subst Abus
2016;37(1):35-41. [doi: 10.1080/08897077.2015.1129390] [Medline: 26860229]

12. FanY, Zhang, YeY, li X, Zheng W. Social Mediafor Opioid Addiction Epidemiology: Automatic Detection of Opioid
Addicts from Twitter and Case Studies. In: Proceedings of the 2017 ACM on Conference on Information and Knowledge
Management. 2017 Presented at: 2017 ACM on Conference on | nformation and Knowledge Management; November 2017;
Singapore p. 1259-1267. [doi: 10.1145/3132847.3132857]

13. Eshleman R, JhaD, Singh R. Identifying individuals amenable to drug recovery interventions through computational
analysis of addiction content in social media. In: IEEE. 2017 Presented at: 2017 | EEE International Conference on
Bioinformatics and Biomedicine; November 13-16, 2017; Kansas City, MO, USA. [doi: 10.1109/bibm.2017.8217766]

14. Jelodar H, Wang Y, Rabbani M, Xiao G, Zhao R. A Collaborative Framework Based for Semantic Patients-Behavior
Analysis and Highlight Topics Discovery of Alcoholic Beveragesin Online Healthcare Forums. J Med Syst 2020 Apr
07;44(5):101. [doi: 10.1007/s10916-020-01547-0] [Medline: 32266484]

15.  Jenhani F, Gouider MS, Said LB. Hybrid System for Information Extraction from Social Media Text: Drug Abuse Case
Study. Procedia Computer Science 2019;159:688-697. [doi: 10.1016/j.procs.2019.09.224]

https://www.jmir.org/2020/8/€18350 JMed Internet Res 2020 | vol. 22 | iss. 8|€18350 | p. 10
(page number not for citation purposes)


https://jmir.org/api/download?alt_name=jmir_v22i8e18350_app1.doc&filename=41387f0a07e30ebcfa9400997584025b.doc
https://jmir.org/api/download?alt_name=jmir_v22i8e18350_app1.doc&filename=41387f0a07e30ebcfa9400997584025b.doc
https://medinform.jmir.org/2017/3/e23/
http://dx.doi.org/10.2196/medinform.7779
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28760725&dopt=Abstract
http://dx.doi.org/10.1109/MIS.2007.41
https://www.jmir.org/2017/10/e353/
http://dx.doi.org/10.2196/jmir.6426
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29089287&dopt=Abstract
http://dx.doi.org/10.1016/j.addbeh.2016.08.019
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27568339&dopt=Abstract
http://europepmc.org/abstract/MED/26748505
http://dx.doi.org/10.1007/s40264-015-0379-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26748505&dopt=Abstract
https://publichealth.jmir.org/2018/1/e22/
http://dx.doi.org/10.2196/publichealth.8144
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29559422&dopt=Abstract
http://dx.doi.org/10.1109/bigdata.2018.8622552
http://europepmc.org/abstract/MED/29456286
http://europepmc.org/abstract/MED/29456286
http://dx.doi.org/10.1016/j.chb.2017.09.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29456286&dopt=Abstract
http://europepmc.org/abstract/MED/32577089
http://dx.doi.org/10.1007/s10588-018-09283-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32577089&dopt=Abstract
http://dx.doi.org/10.1080/08897077.2017.1356795
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28723265&dopt=Abstract
http://dx.doi.org/10.1080/08897077.2015.1129390
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26860229&dopt=Abstract
http://dx.doi.org/10.1145/3132847.3132857
http://dx.doi.org/10.1109/bibm.2017.8217766
http://dx.doi.org/10.1007/s10916-020-01547-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32266484&dopt=Abstract
http://dx.doi.org/10.1016/j.procs.2019.09.224
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Nasralah et al

16. Kazemi D, Borsari B, Levine M, Dooley B. Systematic review of surveillance by social media platforms for illicit drug
use. JPublic Health (Oxf) 2017 Dec 01;39(4):763-776 [ FREE Full text] [doi: 10.1093/pubmed/fdx020] [Medline: 28334348]

17. Stieglitz S, Mirbabaie M, Ross B, Neuberger C. Social media analytics — Challenges in topic discovery, data collection,
and data preparation. International Journal of Information Management 2018 Apr;39:156-168. [doi:
10.1016/j.ijinfomgt.2017.12.002]

18. Ghani NA, Hamid S, Targio Hashem IA, Ahmed E. Social media big data analytics: A survey. Computersin Human
Behavior 2019 Dec;101:417-428. [doi: 10.1016/j.chb.2018.08.039]

19. Tricco AC, Zarin W, Lillie E, Jeblee S, Warren R, Khan PA, et a. Utility of social media and crowd-intelligence data for
pharmacovigilance: a scoping review. BMC Med Inform Decis Mak 2018 Jun 14;18(1):38 [FREE Full text] [doi:
10.1186/s12911-018-0621-y] [Medline: 29898743]

20. El-Gayar O, Nasralah T, El Noshokaty A. IT for diabetes self-management - What are the patients? expectations? 2018
Presented at: 24th Americas Conference on Information Systems (AMCIS 2018); August 16-18, 2018; New Orleans, LA.

21. AudtinlL, JinY. Social Media and Crisis Communication. New York, NY: Taylor & Francis; 2017.

22. Cameron D, Smith GA, Daniulaityte R, Sheth AP, Dave D, Chen L, et al. PREDOSE: a semantic web platform for drug
abuse epidemiology using social media. J Biomed Inform 2013 Dec;46(6):985-997 [FREE Full text] [doi:
10.1016/}.jbi.2013.07.007] [Medline: 23892295]

23. Ble D, NgA, Jordan M. Latent Dirichlet Allocation. Journal of Machine Learning Research 2003;3(Jan):993-1022.

24. HopkinsD, King G. A Method of Automated Nonparametric Content Analysisfor Social Science. American Journal of
Political Science 2010;54(1):229-247. [doi: 10.1111/j.1540-5907.2009.00428.X]

25. McHugh ML. Interrater reliability: the kappa statistic. Biochem Med 2012;22(3):276-282. [doi: 10.11613/bm.2012.031]

26. HanJ, Pei J, Kamber M. Data Mining: Concepts and Techniques. New York: Elsevier; 2011.

27. ArunR, Suresh 'V, Veni Madhavan CE, Narasimha Murthy MN. On Finding the Natural Number of Topics with Latent
Dirichlet Allocation: Some Observations. In: Zaki MJ, Yu JX, Ravindran B, Pudi V, editors. Advancesin Knowledge
Discovery and DataMining. PAKDD 2010. Lecture Notesin Computer Science. Berlin, Heidelberg: Springer; 2010:391-402.

28. Lossio-VenturaJA, Bian J. Aninside look at the opioid crisis over Twitter. 2018 Presented at: 2018 |EEE International
Conference on Bioinformatics and Biomedicine (BIBM); December 3-6, 2018; Madrid.

29. Penm J, MacKinnon NJ, Boone JM, CiacciaA, McNamee C, Winstanley EL. Strategies and policiesto address the opioid
epidemic: A case study of Ohio. JAm Pharm Assoc (2003) 2017;57(2S):S148-S153 [FREE Full text] [doi:
10.1016/j.japh.2017.01.001] [Medline: 28189539

30. Phillips J. Prescription drug abuse: problem, policies, and implications. Nurs Outlook 2013;61(2):78-84. [doi:
10.1016/j.outlook.2012.06.009] [Medline: 23245611]

31. Russell D, Spence NJ, Thames KM. ‘It's so scary how common thisis now:’ frames in media coverage of the opioid
epidemic by Ohio newspapers and themes in Facebook user reactions. Information, Communication & Society 2019 Jan
16;22(5):702-708. [doi: 10.1080/1369118x.2019.1566393]

Abbreviations

LDA: latent Dirichlet allocation
TF-IDF: term frequency-inverse document frequency

Edited by G Eysenbach; submitted 21.02.20; peer-reviewed by A Wahbeh, A Sarker; comments to author 06.04.20; revised version
received 12.05.20; accepted 04.06.20; published 13.08.20

Please cite as:

Nasralah T, El-Gayar O, Wang Y

Social Media Text Mining Framework for Drug Abuse: Development and Validation Sudy With an Opioid Crisis Case Analysis
J Med Internet Res 2020;22(8):€18350

URL: https:.//www.jmir.org/2020/8/e18350

doi: 10.2196/18350

PMID: 32788147

©Tareg Nasralah, Omar El-Gayar, Yong Wang. Originaly published in the Journal of Medical Internet Research
(http://lwww.jmir.org), 13.08.2020. Thisis an open-access article distributed under the terms of the Creative Commons Attribution
License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work, first published in the Journal of Medical Internet Research, is properly cited. The complete
bibliographic information, alink to the original publication on http://www.jmir.org/, aswell asthis copyright and licenseinformation
must be included.

https://www.jmir.org/2020/8/e18350 JMed Internet Res 2020 | vol. 22 | iss. 8 | 18350 | p. 11
(page number not for citation purposes)


http://europepmc.org/abstract/MED/28334848
http://dx.doi.org/10.1093/pubmed/fdx020
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28334848&dopt=Abstract
http://dx.doi.org/10.1016/j.ijinfomgt.2017.12.002
http://dx.doi.org/10.1016/j.chb.2018.08.039
https://bmcmedinformdecismak.biomedcentral.com/articles/10.1186/s12911-018-0621-y
http://dx.doi.org/10.1186/s12911-018-0621-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29898743&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1532-0464(13)00108-1
http://dx.doi.org/10.1016/j.jbi.2013.07.007
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23892295&dopt=Abstract
http://dx.doi.org/10.1111/j.1540-5907.2009.00428.x
http://dx.doi.org/10.11613/bm.2012.031
https://linkinghub.elsevier.com/retrieve/pii/S1544-3191(17)30001-8
http://dx.doi.org/10.1016/j.japh.2017.01.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28189539&dopt=Abstract
http://dx.doi.org/10.1016/j.outlook.2012.06.009
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23245611&dopt=Abstract
http://dx.doi.org/10.1080/1369118x.2019.1566393
https://www.jmir.org/2020/8/e18350
http://dx.doi.org/10.2196/18350
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32788147&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

