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Abstract

Background.—The behaviors and emotions associated with and reasons for nonmedical
prescription drug use (NMPDU) are not well-captured through traditional instruments such as
surveys and insurance claims. Publicly available NMPDU-related posts on social media can
potentially be leveraged to study these aspects unobtrusively and at scale.

Methods.—We applied a machine learning classifier to detect self-reports of NMPDU on Twitter
and extracted all public posts of the associated users. We analyzed approximately 137 million
posts from 87,718 Twitter users in terms of expressed emotions, sentiments, concerns, and
possible reasons for NMPDU via natural language processing.

Results.—Users in the NMPDU group express more negative emotions and less positive
emotions, more concerns about family, the past, and body, and less concerns related to work,
leisure, home, money, religion, health, and achievement compared to a control group (i.e., users
who never reported NMPDU). NMPDU posts tend to be highly polarized, indicating potential
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emotional triggers. Gender-specific analyses show that female users in the NMPDU group
express more content related to positive emotions, anticipation, sadness, joy, concerns about
family, friends, home, health, and the past, and less about anger than males. The findings are
consistent across distinct prescription drug categories (opioids, benzodiazepines, stimulants, and
polysubstance).

Conclusion.—Our analyses of large-scale data show that substantial differences exist between
the texts of the posts from users who self-report NMPDU on Twitter and those who do not, and
between males and females who report NMPDU. Our findings can enrich our understanding of
NMPDU and the population involved.

1. Introduction

Nonmedical prescription drug use (NMPDU) involves the use of prescription drugs without
a prescription or for reasons other than what the drug was intended for by the prescriber

[1]. NMPDU is an unremitting public health concern globally and in the United States (US)
[2]. Commonly misused prescription drugs include but are not limited to opioids, central
nervous system stimulants, and benzodiazepines [3, 4]. Increases in NMPDU over recent
years have led to increased adverse health outcomes, including emergency department visits
and overdose deaths [5]. In the US, more than 90,000 drug overdose deaths were recorded
in 2020, many of which were caused by prescription drugs, often due to coingestion or
polysubstance use [6, 7]. While studies have attempted to characterize the reasons for
NMPDU [8, 9], little is known about the emotional status of the consumers at the time

of NMPDU. Studies investigating the influence of NMPDU on mental health have been
primarily conducted through surveys. NMPDU involving opioids have been shown to be
strongly associated with psychiatric disorders [10] (data for the study was derived from the
National Epidemiologic Survey on Alcohol and Related Conditions-111). Analysis of data
from the National Survey on Drug Use and Health (NSDUH) revealed associations between
opioid misuse and suicide-related risk factors, and that users involved in NMPDU of opioids
were at higher risk of suicidality and suicidal ideation [11, 12] compared to those who
never used these medications nonmedically. Past studies [3, 13] supported similar findings
and showed associations between NMPDU of opioids and major depressive disorder or
depressive symptoms.

Survey-based studies about NMPDU face several obstacles related to data collection, such as
slow collection rates, high costs, and limited sample sizes. Importantly, studies using surveys
are unable to capture naturally occurring emaotions due to experimental or instrumental
manipulations that could introduce measurement and observation biases [14]. Social media
can address some of the shortcomings of such traditional survey-based studies. Social media
presents a unique opportunity to collect information related to NMPDU for analysis at a
large scale discreetly and unobtrusively so that the users’ expressions are not manipulated

by experimental settings or processes. Also, the rising popularity of social media platforms
has resulted in tremendous growth in the public sharing of information. Publicly available,
user-generated social media data contain naturally occurring communication phenomena
describing users’ daily activities, issues, and concerns, which enable the execution of
observational studies to understand social dynamics [15-17] and human behaviors at the
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macrolevel, including behaviors related to NMPDU [18]. Indeed, past research has shown
that social media users often share information about NMPDU publicly, which can be
utilized for making macrolevel assessments of drug abuse-/misuse-related behaviors [19—
21]. Recent studies [21-23] validated the utility of social media as a platform for monitoring
NMPDU. For instance, a qualitative assessment of the text content from Twitter on NMPDU
(specifically, prescription opioids) delivered insights about the epidemic of use and misuse
of PMs at specific times [22]. Multiple studies have suggested that although users engaging
in NMPDU may not voluntarily report their nonmedical use to medical experts, their
self-reports in social media are detectable [21, 24, 25], and these can potentially be used

for public health surveillance. A critical review [18] concluded that social media big data
could be an effective resource to comprehend, monitor, and intervene in drug misuses and
addiction problems.

In addition to behaviors, emotion-related contents on social media provide important
information about the users’ psychological and physical health [26]. Negative emotion
words of higher magnitudes are associated with greater psychological distress and worse
physical health, while high-magnitude positive emotion words are associated with higher
well-being and better physical health [26]. Demographic information about users, such

as gender, may also be inferred from social media for differential behavior analysis.

For example, social media-based research has shown that males and females have

differing emotional tendencies under different circumstances, and certain online activities
of female users are more susceptible to emotional orientations [27]. Recognizing the gender
differences in user behaviors is a significant factor in user modelling and human-computer
interaction, and the differences were investigated in previous studies through the analyses
of lexical contents, including emoticons [28-30]. In the context of NMPDU, understanding
gender differences between people who report NMPDU is particularly critical, as women
specifically had often been underrepresented in past studies on the topic [31].

In this study, we sought to employ natural language processing (NLP) and machine learning
approaches to study a large dataset from Twitter about three common prescription drug
categories and their combinations (opioids, benzodiazepines, stimulants, and polysubstance
—misuse of two or more different NMPDU category at the same time, typically referred

to as coingestion) to investigate and answer the following main research questions: (i) How
do the emotional contents expressed in the NMPDU groups’ Twitter profiles differ from
those expressed in the non-NMPDU (control group) groups’ Twitter profiles? (ii) How do
NMPDU tweets sentimentally differ from non-NMPDU tweets? And (iii) how do personal,
social, biological, and core drive concerns expressed in the NMPDU groups’ Twitter profiles
differ from those expressed in the non-NMPDU groups’ Twitter profiles? In addition to
attempting to answer these questions, we use topic modeling on the NMPDU tweets to
extract potential reasons for nonmedical use of each category of drugs, and we compare the
distributions (of all the variables mentioned above) across males and females.
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2. Methods

2.1. Data Collection.

For NMPDU, similar to our previous study [32], which discussed designing a data-centric
pipeline tool to collect NMPDU data from social media, we used a list of keywords

(see Supplementary S.2) after consultation with the senior toxicology expert of our study
(JP). We included a list of prescription drugs, including opioids, benzodiazepines, and
central nervous system stimulants, which are known for their misuse/abuse potential. We
also included people who reported NMPDU involving multiple drugs at the same time
(polysubstance). First, we extracted approximately 3,287,703 tweets that contained at least
one from a list of identified keywords related to prescription drugs from March 6, 2018,

to January 14, 2020, to be the seeds for the collection of people who report NMPDU
(NMPDU cohort or NMPDU users). We used an advanced NLP-based model (see NMPDU
classification model) to classify the tweets automatically into one of four categories:
NMPDU, consumption, mention, and unrelated. Mining NMPDU information from social
media is more challenging than mining illicit drug use information, particularly because
consumption of prescription drugs does not automatically indicate nonmedical use. We
extracted the complete publicly available user profiles (i.e., all publicly available tweets)
of users who posted the NMPDU tweets to build our experimental group (NMPDU users).
We removed any user with less than 500 tweets. As shown in Table 1, we collected 49,833
NMPDU users with approximately 82 million tweets. For non-NMPDU users (control
group), we randomly extracted publicly available profiles whose genders were reported in
Liu and Ruths [33] and Volkova et al. [34], and who had not mentioned any identified
prescription drug keywords in their profiles, resulting in 37,885 non-NMPDU users with
approximately 55 million tweets. Overall, we included complete publicly available profiles
of 87,718 users with approximately 137 million tweets.

2.2. NMPDU Classification Model.

We used an NLP text classification model developed and validated in our previous

research [35] to distinguish NMPDU from non-NMPDU tweets. The model uses ROBERTa
—a transformer-based language model—to classify tweets into (1) NMPDU (potential
nonmedical use), (2) consumption (consumption but no evidence of nonmedical use), (3)
mention (drug mentioned but no evidence of consumption), and (4) unrelated. Overall, the
NMPDU classification model has an accuracy of 82.32%, and the F; scores for the classes
are as follows: NMPDU 65%, consumption 91%, mention 88%, and unrelated 90%.

2.3. Gender Label.

The genders of the non-NMPDU users (control group) were released publicly on Twitter and
reported in previous works [33, 34]. The gender distributions of the NMPDU users were
estimated using an NLP text classification model described in the authors’ previous work
[36]. This model uses users’ metadata (name, screen name, and description) and tweets to
label the users using a binary gender paradigm (i.e., male and female) and has an accuracy
of 94.4% on NMPDU users.
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2.4. Emotion Analysis.

For emotion analysis, we used the word emotion lexicon curated by the National Research
Council (NRC) of Canada [37]. The lexicon is a list of approximately 14,000 English words
and their associations with eight basic emotions (anger, fear, anticipation, trust, surprise,
sadness, joy, and disgust) according to Plutchik’s research on basic emotions [38]. The
annotations were manually done by crowdsourcing [37]. The emotion lexicon has been used
to study and categorize the emotion in the Twitter text by several prior studies [39-41], and
it is considered the benchmark for this domain of data.

2.5. Sentiment Analyses of NMPDU Tweets (Sentiment Score Classifier).

We used VADER [42], an open-source Twitter sentiment model, which assigns numerical
sentiment scores between +1 (extremely positive sentiment) and —1 (extremely negative
sentiment) to each tweet. VADER has been used as the sentiment analyzer in several
previous studies [14, 43]. Furthermore, a survey research [44] that compared the results of
two classes of sentiment classifiers on four datasets from Twitter concluded that VADER
has the best performance, with an overall accuracy of 99.04% (positive class: precision =
99:16%, recall = 99:16%, F; score = 99:31%; negative class: precision = 98:77%, recall =
98:12 %, F; score = 98:88%). Even though VADER is optimized for social media data and
has been shown to generate excellent results when applied to data from Twitter, misspellings
and grammatical errors might impact the overall rating of the tweets. Moreover, tweets with
certain concepts such as sarcasm might be rated by VADER incorrectly.

2.6. Personal and Social Concern Analysis.

We used the validated Linguistic Inquiry and Word Count (LIWC) [45] tool, which has

been used to analyze several varieties of text, including social media text. The LIWC
lexicon, which is designed to measure several behavioral and psychological dimensions
from text, has been used in prior studies [39, 46, 47] for physiological measures of
well-being analysis from social media. Examples of words related to each category are
provided in supplementary document S.4 Table 5. A complete list of validated words in each
category can be found in LIWC dictionary, which characterizes words into psychologically
meaningful categories [45].

2.7. Statistical Testing.

We used the Mann—-Whitney Utest, a nonparametric test, to compare outcomes between
two independent groups. The Mann-Whitney U test examines whether two samples are
possibly derived from the same population [48, 49]. The Mann-Whitney U'test is used
when the absence of hormality distribution in both groups exists, and it compares the
medians between the two populations. The histogram analysis and AD test results (see
Supplementary S.3) confirmed the absence of normality distribution in both groups’
variables. Therefore, we used the nonparametric Mann—Whitney {test [48, 49] to compare
the distributions.
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2.8. Topic Modeling.

For topic modeling, we applied LDA [50], an effective unsupervised method that assumes
that each document in a large dataset comprises subtopics represented by the words they
contain. We initially cleaned the tweets by removing hyperlinks, digits, and stop words.
Then, to decide the ideal number of topics for our model, we executed multiple models
with different hyperparameter values (number of topics =5, 15, 20, 30, 40, and 50). We
then inspected the word clusters in each set of subtopics and determined the most salient
set of topics. Subsequently, we selected the 20-topic model. LDA was applied on tweets
that were classified as positive, so we could assume that most of the tweets (as indicated by
the classifier’s accuracy) represented nonmedical use. After the LDA model was executed,
we presented the text segments identified to a domain expert included in the study who
helped map these words into potential reasons. Therefore, the process of extracting potential
reasons has an expert in the loop who was responsible for manually inspecting the frequent
words within each category qualitatively, guided by the National Survey on Drug Use and
Health (NSDUH) surveys [51]. We then qualitatively estimated the potential reasons for
nonmedical uses for each category of NMPDU (see Supplementary S.5: Table 7,8,9,10).

3. Results

3.1. NMPDU (Experimental Group) and Non-NMPDU (Control Group) Users.

We included a total of 87,718 Twitter users and their >130 million posts in this study.

To automatically characterize tweets (i.e., whether a tweet expresses self-reported NMPDU
or not) mentioning specific medication keywords (see Supplementary S.2.1), we applied
an automatic machine learning classifier, which was trained using a state-of-the-art NLP
algorithm and a large manually annotated dataset. Table 1 presents the distribution of users
and tweets in the NMPDU and non-NMPDU groups.

3.2. Emotion Analysis.

We investigated the emotion content differences in users’ tweets from the NMPDU and
non-NMPDU groups (Table 2). We performed linguistic emotion analysis of the complete
profile contents for both groups using the lexicon curated by the National Research Council
(NRC), Canada, which contains a comprehensive list of approximately 14,182 English
words related to anger, fear, anticipation, trust, surprise, sadness, joy, sentiment (negative
and positive), and disgust [37]. We then used the Anderson—Darling (AD) test [52] and
performed histogram analysis to check the normality distribution of the emotion-indicating
variables in both groups. The histogram analysis and AD test results (see Supplementary
S.3) confirmed the absence of normality distribution in all the emotion-indicating variables
of both groups. Therefore, we used a nonparametric approach, the Mann—Whitney test

[48, 49], to compare the distributions of emotion-indicating variables between users in

the NMPDU and non-NMPDU groups. Table 2 presents the median Mann-Whitney U

test results and the effect sizes of the comparisons between the NMPDU and control
groups. It also presents comparisons between the NMPDU group and the control group

for each medication category (i.e., opioids, benzodiazepines, stimulants, and polysubstance)
in Supplementary S.4.
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The users from the NMPDU group tend to share significantly more content related to fear
(p<0:001, r=0:31), anger (p< 0:001, r=0:56), negative emotion (p < 0:001, r= 0:45),
sadness (p < 0:001, r=0:36), and disgust (p < 0:001, r=0:60) compared to the users from
the control group. The NMPDU users share significantly less content related to positive
emotions (p < 0:001, r=0:40), joy (p< 0:001, r=0:38), trust (p < 0:001, r=0:28),
anticipation (p < 0:001, r= 0:44), and surprise (p < 0:001, r= 0:39) than the users from the
control group (Table 2). These findings are consistent across all four medication categories
considered in this study (Supplementary S.4, Table 4).

3.2.1. Gender Differences in Emotions within the NMPDU Group.—Within the
NMPDU group, female users use more emotional content words/descriptors in the NMPDU-
related social media posts compared to male users (Table 3 and Figure 1(a)). Specifically,
female users express more content related to positive emotion (p < 0:001, r= 0:246),
anticipation (p< 0:001, r=0:247), sadness (p< 0:001, r= 0:21), and joy (p< 0:001, r

= 0:38) compared to male users. In contrast, male users express significantly more content
related to anger (p < 0:001, r=0:07) than female users. The results also show no significant
difference between males and females in content related to trust, fear, surprise, disgust, and
negative emotions.

3.3. Sentiment Strengths of NMPDU Tweets.

We intended to measure and compare the sentiment polarities and strengths between the
NMPDU and non-NMPDU tweets from the same users. As illustrated in Figure 2(a), the
NMPDU tweets contain larger magnitudes of extreme positive and negative sentiments
(tweets with a positive score of >0.5 or a negative score of < —0.5) compared to the non-
NMPDU tweets. We empirically compared the sentiment strength means and confidence
intervals for highly polarized tweets (sentiment < —0:5 or > 0.5) from the NMPDU and
non-NMPDU categories Figure 2(b). The sentiment strength means of the NMPDU tweets
(both positive 95% CI [0.705, 0.711] and negative tweets 95% CI [-0.688, —0.680]) are
higher in magnitude than the non-NMPDU tweets (positive 95% CI [0.652, 0.653] and
negative tweets 95% CI [-0.637, —0.636]). The highly polarized nature of the NMPDU
tweets indicates potential emotional triggers associated with NMPDU behavior.

3.4. Personal and Social Concern Analysis.

We measured differences between the tweets from the NMPDU and non-NMPDU groups in
terms of the following content dimensions: personal concern (e.g., work, leisure, home,
money, religion, and death), social content (e.g., family and friends), time orientation
content (e.g., past focus), core drive content (e.g., achievement), and biological process
content (e.g., health and body). Table 4 presents the medians, Mann-Whitney U test

results, and the effect sizes of the comparisons between the NMPDU group and the control
group tweets. In addition, we present comparisons between the groups for each medication
category (i.e., opioids, benzodiazepines, stimulants, and polysubstance) in Supplementary
S.4.

The users from the NMPDU group express significantly more social content related to
family (p < 0:001, r=0:19) than the users from the non-NMPDU group, but no significant
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difference is observed between the groups in content related to friends (p > 0:001) (Table 4).
The comparisons in the personal concern content demonstrate that the users from NMPDU
group express significantly less personal concern content related to work (p< 0:001, r=
0:60), leisure (p< 0:001, r=0:71), home (p < 0:001, r= 0:50), money (p< 0:001, r=

0:41), and religion (p < 0:001, r= 0:23) compared to the users from the control group.

No significant difference is found in the death variable (p> 0:001). For biological process
content, the users from the NMPDU group tend to use less content related to health (p <
0:001, r=0:15) and use more content related to the body (p < 0:001, r= 0:28) than the users
from the control group. Comparing both groups based on time orientation content shows
that the users from the NMPDU group tend to discuss significantly more content related to
the past (0 < 0:001, r= 0:59) than the users from the control group. Finally, the users from
the NMPDU group express significantly less core drive content related to achievement (p <
0:001, r=0:63) compared to the users from the control group.

3.4.1. Gender Differences in Concerns within the NMPDU Group.—Females
within the NMPDU group express significantly more social content related to family (o <
0:001, r=0:27) and friends (p> 0:001, r= 0:50) compared to the male NMPDU users
(Table 5 and Figure 1). No significant gender differences are observed in personal concern
content related to all but the home variable, with female NMPDU users expressing more
content related to home (p> 0:001, r= 0:41) compared to the male NMPDU users. For
biological process content, the female NMPDU users tend to use more content related

to health (p < 0:001, r= 0:37), while no significant gender difference exists in content
related to the body. For time orientation content, the female NMPDU users tend to discuss
significantly more content related to the past (p < 0:001, r= 0:21) than the male NMPDU
users. Finally, there is no significant gender difference in core drive content related to
achievement.

3.5. Potential Reasons for NMPDU.

Table 6 shows the summary of the potential reasons for NMPDU and frequently used
keywords indicating these reasons for each medication category. We interpreted the
identified topics and selected potential reasons. These reasons were inferred by manually
inspecting the frequent words within each category qualitatively, guided by the National
Survey on Drug Use and Health (NSDUH) surveys [51].

4. Discussion

Our emotion analysis showed significant differences in the emotion-indicating expressions
of the tweets between users from the NMPDU and control groups. Relative to users

from the non-NMPDU group, users from the NMPDU group posted more emotionally
negative content and less emotionally positive content in their Twitter posts. Relative

to the non-NMPDU tweets, the NMPDU tweets contained higher numbers of extremely
polarized (positive or negative) tweets, indicating possible emotional triggers associated
with NMPDU. We also found significant differences in the contents shared between female
and male nonmedical users of prescription drugs. Compared to female users, male users
expressed higher anger and lower positivity, joy, anticipation, and sadness in their posted
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contents. In terms of social and personal content, compared to the male users, female

users shared more content related to social life (friends and family), health, and personal
concern (home). Interestingly, while there were unique and detectable differences in the
contents between male and female nonmedical prescription drug users, the differences
were consistent across different drug categories. These findings perhaps indicate that

the underlying reasons behind NMPDU may be associated with cohort-level behavioral
characteristics more than the properties of the substances themselves. From the perspective
of public health, the insights obtained through this large-scale analysis of social media data
may help customize awareness and intervention programs to targeted cohorts in order to
mitigate the population-level impacts of NMPDU.

Our study adds to the growing body of literature focusing on the intersection of substance
use and behavioral health. The findings from our large-scale social media analyses are
consistent with previous results from a survey-based study [54] that showed that those who
reported specific feelings, such as hopelessness, sadness, or depression, are more likely to
report nonmedical use of opioids, stimulants, sedatives, and antidepressants. The consistency
in findings across studies demonstrates the utility of social media for NMPDU surveillance
—in this case, surveillance may not only help estimate NMPDU at the population level

but also provide in-depth insights into the emotional and behavioral drivers of NMPDU.
Social media-based surveillance systems have the potential of operating in close to real
time while costing less than traditional surveillance systems and have the ability to include
seldom heard populations (e.g., people without health coverage in the US). While social
media-based surveillance systems will not replace the traditional ones, they may offer
complementary information.

A previous study reported an association between the uses of emotional words (user-
generated natural language) and individuals’ experiences (individual differences in mood,
personality, and physical and emotional well-being) [26]. The study showed that negative
emotion words were associated with psychological distress and poor physical health,
whereas higher positive emation words are associated with better well-being and physical
health. Thus, although our study did not directly examine such an association among the
NMPDU users on Twitter, we posit that the higher numbers of negative emotion words of
the users from the NMPDU group are likely associated with greater psychological distress
and poorer physical health compared to their non-NMPDU counterparts, a hypothesis that
we plan to study in future work.

Our study also demonstrates that potential specific reasons behind NMPDU may be derived
from social media data, and this finding may have major public health implications.

This information can be useful to policymakers for implementing measures for drug use
prevention, intervention, and treatment in their communities [51]. As shown in Table 6

and elaborated in Supplementary material S.5, “to relieve pain” is one reason for the
NMPDU of opioids, indicating that opioids are often used for treating pain and that not

all prescription opioid use is for recreational reasons or due to addiction. The reason

“to help with emotions” is common in the NMPDU of opioids and benzodiazepines,
suggesting that these two categories of medications are potentially used nonmedically for
coping with emotional problems. “To help with sleep” is reported as a reason for the
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NMPDU of opioids, benzodiazepines, and polysubstance, suggesting that many people
nonmedically use these substances for addressing their sleep problems. Over the recent
years, the coingestion of opioids with benzodiazepines has led to rising overdose-related
deaths [55]. Since our findings indicate that many people may be using these substances

for addressing sleep problems, more efforts are called for to educate the general public
about nonpharmacological, safer strategies to mitigate sleep problems/improve sleep quality.
Healthcare providers could help identify and intervene with the root causes of their

patients’ sleep problems. These efforts could contribute to reducing drug overdose-related
mortality. The topic analysis also suggests the nonmedical use of stimulants is often to
enhance educational performance and for staying awake. Past research has shown that
nonmedical use of prescription stimulants, such as Adderall®, is widespread among college
students [56, 57], and our findings agree with these studies. Overdose deaths due to
stimulants (prescription and illicit, particularly co-use with fentanyl and other opioids)

are rapidly increasing in the US, which might be partly attributed to the many years of
widespread prescription stimulant use in educational settings [58]. Students could benefit
from awareness programs in educational institutions or adolescent/young adult healthcare
settings to prevent adverse, often fatal, health consequences caused by stimulant use. The
topics associated with all the medication categories are indicative of co-use of prescription
drugs with other legal substances such as alcohol and tobacco and indicative of NMPDU
due to substance use disorder. Specifically for opioids, benzodiazepines, and polysubstances,
there are topics that are indicative of co-use with illicit substances such as cocaine and
heroin. Topics associated with nonmedical use of benzodiazepines are indicative of their use
for relieving stress. Finally, topics associated with polysubstances are indicative of their use
in social settings.

Substance use and its impacts are not evenly distributed among males and females. In terms
of alcohol and illicit drug use, men of ages 12 and older report higher usage rates than
women [1, 2]. While women have lower rates of alcohol and substance use, they are more
likely to have a serious mental illness than men [59, 60]. Research shows that women are
more likely to be diagnosed with anxiety or depression (including postpartum depression),
and men are more likely to have substance use or antisocial disorders [61]. In terms of
death rates, men are substantially more likely to die from substance overdoses than women
[62]. Our past study has shown that women and men report non-medical use of prescription
stimulants and benzodiazepines at similar rates over social media, but more men report
non-medical use of prescription opioids [36]. To the best of our knowledge, this is the first
study that utilizes large-scale social media data to study the gender-specific distribution of
sentiments and emotions associated with NMPDU.

4.1. Limitations.

Our study has several limitations. A major limitation is that data from social media may

not be well representative of the overall population. Social media users tend to be younger
and technologically savvy, resulting in a biased sample. However, it is also unlikely that any
other resource matches the scale and reach of social media, and as the demographics shift,
more and more older adults are reachable via social media [63]. As mentioned above, the
triangulation of social media and traditional survey data (or any other offline data source) to

Health Data Sci. Author manuscript; available in PMC 2023 August 24.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Al-Garadi et al.

Page 11

study NMPDU can help minimize the potential biases in the representative samples. There
are also limitations associated with the methods we employed. We applied topic modeling
to discover potential reasons for NMPDU. Unlike supervised methods (e.g., classification),
which can be evaluated against human experts, it is not possible to thoroughly evaluate the
performance of topic modeling. The performance of topic modeling may vary, and there

is no mechanism to evaluate such approaches in a task-oriented manner. Also, our study
findings are dependent on the classification performances of the machine-learning and NLP
pipelines. The performances of these methods are not 100% accurate and may add further
biases in the downstream analyses.

Social media data might contain bias influenced by social norms, culture, and expectations.
Identifying and controlling such factors while designing the study is challenging due to the
nature of social media data and the need to preserve users’ privacy. Social media-based
systems can potentially be integrated with traditional data sources (e.g., survey data) to
obtain a more complete picture of population-level patterns associated with substance use.

One major limitation of the gender-wise analysis is that the gender classifier is developed
under the assumption of a binary gender system (i.e., male and female). Although this
setup accommodates the majority of the population, it excludes the nonbinary population,
who often do not receive the necessary research attention and effort. The future directions
to overcome this limitation include updating the classifier to accommodate nonbinary
population or directly collecting data from self-identified nonbinary persons upon their
approval for inclusion.

Our study only includes publicly available user profiles’ data from Twitter. Therefore,
private profiles or information that are missed or not posted by the users are not represented
in this study, and consequently, this study may not be fully representative of the overall
population of social media users. However, since this study includes large-scale data
analyses, we believe the use of such extensive data may help generalize the overall results of
this study.

This study did not include demographic data other than gender (binary), such as age,

race, ethnicity, and social class. We plan to study these demographic factors in detail in
our future studies, as more advanced methods for automatically detecting these factors are
developed. This study also did not include geographical location data of the users to study
the geographic distribution of NMPDU. We plan to include this information in our future
work.

LDA best learns descriptive topics [64], and the performance of LDA has several limitations
that need to be considered while conducting a practical experiment. Generally, LDA model
outcomes vary with the changing of the hyperparameters, making it difficult to determine

its effectiveness without thorough empirical reviews [65]. A large dataset is typically the
most important requirement as it is theoretically impossible to identify topics from a small
number of data. The lengths of documents also play a vital role: unsatisfactory performance
of the LDA is likely if documents are too short; therefore, using LDA for topic identification
from tweets requires, in many cases, the combining of several tweets from the same class
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to create a large document. Likewise, the number of topics should not be too large as the
interpretation may become inescapably inefficient [65].

5. Conclusion

Social media provides a unique opportunity to study NMPDU at a macrolevel,
unobtrusively, and in close to real time. Although social media data presents its own
challenges, such as the use of colloquial expressions and non-standard spelling variants,
advances in machine learning and NLP methods have enabled us to leverage the vast
knowledge encapsulated in this resource. Our study identified important significant
differences in the texts associated with NMPDU and non-NMPDU users, and also between
males and females within the NMPDU group. The current study has a number of limitations
primarily associated with the data source (i.e., social media) and the methods applied

to characterize the data. Future work should address these limitations to improve social
media-based surveillance of substance use.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.

Acknowledgments

Research reported in this publication is supported by the NIDA of the NIH under the award number RO1DA046619.
The content is solely the responsibility of the authors and does not necessarily represent the official views of the
NIH.

Data Availability

The data used in this study are publicly available from Twitter. However, it cannot

be distributed by the authors. Statistical data extracted from the Twitter content

reported in this paper’s findings and the source code needed to replicate the

findings can be downloaded from the following code link: https://drive.google.com/file/d/
ludz4p5lluVwHkhicYPAcex55YH2WmHbU/view?usp=sharing. The authors can provide
the researchers with the 1Ds required for downloading tweets directly from the Twitter
application programming interface upon reasonable request. Additional data and information
are available from the authors upon reasonable request.

References

[1]. United Nations, The Non-Medical Use Of Prescription Drugs: Policy Direction Issues, United
Nations, 2011.

[2]. Martins SS and Ghandour LA, “Nonmedical use of prescription drugs in adolescents and young
adults: not just a Western phenomenon,” World Psychiatry, vol. 16, no. 1, pp. 102-104, 2017.
[PubMed: 28127929]

[3]. Schepis TS, Klare DL, Ford JA, and McCabe SE, “Prescription drug misuse: taking a lifespan
perspective,” Substance Abuse: Research and Treatment, vol. 14, 2020.

[4]. National Institute of Drug Abuse, Misuse of Prescription Drugs Research Report, National
Institute of Drug Abuse, 2020.

Health Data Sci. Author manuscript; available in PMC 2023 August 24.


https://drive.google.com/file/d/1udz4p5lIuVwHkhicYPAcex55YH2WmHbU/view?usp=sharing
https://drive.google.com/file/d/1udz4p5lIuVwHkhicYPAcex55YH2WmHbU/view?usp=sharing

1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Al-Garadi et al.

Page 13

[5]. Jones CM and McAninch JK, “Emergency department visits and overdose deaths from combined
use of opioids and benzodiazepines,” American Journal of Preventive Medicine, vol. 49, no. 4,
pp. 493-501, 2015. [PubMed: 26143953]

[6]. National Institute of Drug Abuse, Overdose Death Rates, National Institute of Drug Abuse, 2021.

[7]. National Center for Health Statistics, Products - Vital Statistics Rapid Release - Provisional Drug
Overdose Data. Centers for Disease Control and Prevention, 2022, https://www.cdc.gov/nchs/
nvss/vsrr/drug-overdose-data.htm.

[8]. Lipari RN, Williams M, and Van Horn SL, Why do Adults Misuse Prescripti-on Drugs?, The
CBHSQ Report, 2017.

[9]. Ford JA and Lacerenza C, “The relationship between source of diversion and prescription drug
misuse, abuse, and dependence,” Substance Use & Misuse, vol. 46, no. 6, pp. 819-827, 2011.
[PubMed: 21174499]

[10]. Saha TD, Kerridge BT, Goldstein RB et al. , “Nonmedical prescription opioid use and DSM-5
nonmedical prescription opioid use disorder in the United States,” The Journal of Clinical
Psychiatry, vol. 77, no. 6, pp. 772-780, 2016. [PubMed: 27337416]

[11]. Ashrafioun L, Heavey S, Canarapen T, Bishop TM, and Pigeon WR, “The relationship between
past 12-month suicidality and reasons for prescription opioid misuse,” Journal of Affective
Disorders, vol. 249, pp. 45-51, 2019. [PubMed: 30753953]

[12]. Kuramoto SJ, Chilcoat HD, Ko J, and Martins SS, “Suicidal ideation and suicide attempt across
stages of nonmedical prescription opioid use and presence of prescription opioid disorders among
U.S. adults,” Journal of Studies on Alcohol and Drugs, vol. 73, no. 2, pp. 178-184, 2012.
[PubMed: 22333325]

[13]. Davis RE, Doyle NA, and Nahar VK, “Association between prescription opioid misuse and
dimensions of suicidality among college students,” Psychiatry Research, vol. 287, article 112469,
2020.

[14]. Fan R, Varol O, Varamesh A et al. , “The minute-scale dynamics of online emotions reveal the
effects of affect labeling,” Nature Human Behaviour, vol. 3, no. 1, pp. 92-100, 2019.

[15]. Fuchs C, Social Media: A Critical Introduction, Sage, 2017.

[16]. Gallotti R, Valle F, Castaldo N, Sacco P, and De Domenico M, “Assessing the risks of
‘infodemics’ in response to COVID-19 epidemics,” Nature Human Behaviour, vol. 4, no. 12,
pp. 1285-1293, 2020.

[17]. Giglietto F, Rossi L, and Bennato D, “The open laboratory: limits and possibilities of using
Facebook, Twitter, and YouTube as a research data source,” Journal of Technology in Human
Services, vol. 30, no. 3-4, pp. 145-159, 2012.

[18]. Kim SJ, Marsch LA, Hancock JT, and Das AK, “Scaling up research on drug abuse and addiction
through social media big data,” Journal of Medical Internet Research, vol. 19, no. 10, article
e353, 2017.

[19]. Chary M, Yi D, and Manini AF, “Candyflipping and other combinations: identifying drug—drug
combinations from an online forum,” Frontiers in Psychiatry, vol. 9, p. 135, 2018. [PubMed:
29760666]

[20]. Hanson CL, Burton SH, Giraud-Carrier C, West JH, Barnes MD, and Hansen B, “Tweaking
and tweeting: exploring Twitter for nonmedical use of a psychostimulant drug (Adderall) among
college students,” Journal of Medical Internet Research, vol. 15, no. 4, article e62, 2013.

[21]. Sarker A, O’Connor K, Ginn R et al. , “Social media mining for toxicovigilance: automatic
monitoring of prescription medication abuse from Twitter,” Drug Safety, vol. 39, no. 3, pp. 231-
240, 2016. [PubMed: 26748505]

[22]. Shutler L, Nelson LS, Portelli I, Blachford C, and Perrone J, “Drug use in the Twittersphere: a
qualitative contextual analysis of tweets about prescription drugs,” Journal of Addictive Diseases,
vol. 34, no. 4, pp. 303-310, 2015. [PubMed: 26364675]

[23]. Jouanjus E, Mallaret M, Micallef J, Ponté C, Roussin A, and Lapeyre-Mestre M, “Comment on:
“social media mining for toxicovigilance: automatic monitoring of prescription medication abuse
from Twitter,” Drug Safety, vol. 40, no. 2, pp. 183-185, 2017. [PubMed: 28070741]

Health Data Sci. Author manuscript; available in PMC 2023 August 24.


https://www.cdc.gov/nchs/nvss/vsrr/drug-overdose-data.htm
https://www.cdc.gov/nchs/nvss/vsrr/drug-overdose-data.htm

1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Al-Garadi et al.

Page 14

[24]. Chary M, Genes N, McKenzie A, and Manini AF, “Leveraging social networks for
toxicovigilance,” Journal of Medical Toxicology, vol. 9, no. 2, pp. 184-191, 2013. [PubMed:
23619711]

[25]. Sarker A, DeRoos A, and Perrone J, “Mining social media for prescription medication abuse

monitoring: a review and proposal for a data-centric framework,” Journal of the American
Medical Informatics Association, vol. 27, no. 2, pp. 315-329, 2020. [PubMed: 31584645]

[26]. Vine V, Boyd RL, and Pennebaker JW, “Natural emotion vocabularies as windows on distress and

well-being,” Nature Communications, vol. 11, no. 1, pp. 1-9, 2020.

[27]. Sun B, Mao H, and Yin C, “Male and female users’ differences in online technology community
based on text mining,” Frontiers in Psychology, vol. 11, 2020.

[28]. Tossell CC, Kortum P, Shepard C, Barg-Walkow LH, Rahmati A, and Zhong L, “A longitudinal

study of emoticon use in text messaging from smartphones,” Computers in Human Behavior, vol.

28, no. 2, pp. 659-663, 2012.

[29]. Chen A, Lu X, Ai W, Li H, Mei Q, and Liu X, “Through a gender lens: learning usage patterns of

emojis from largescale android users,” in Proceedings of the 2018 World Wide Web Conference,
pp. 763-772, Lyon, France, 2018.

[30]. Hwang H, “Gender differences in emoticon use on mobile text messaging: evidence from a
Korean sample,” International Journal of Journalism & Mass Communication, vol. 1, no. 1, pp.
41-45, 2014.

[31]. McHugh RK, Votaw VR, Sugarman DE, and Greenfield SF, “Sex and gender differences in
substance use disorders,” Clinical Psychology Review, vol. 66, pp. 12-23, 2018. [PubMed:
29174306]

[32]. O’Connor K, Sarker A, Perrone J, and Hernandez GG, “Promoting reproducible research for
characterizing nonmedical use of medications through data annotation: description of a Twitter
Corpus and guidelines,” Journal of Medical Internet Research, vol. 22, no. 2, article e15861,
2020.

[33]. Liu W and Ruths D, Using First Names as Features for Gender Inference in Twitter, Analyzing
Microtext, 2013.

[34]. Volkova S, Wilson T, and Yarowsky D, “Exploring demographic language variations to improve
multilingual sentiment analysis in social media,” in Proceedings of the 2013 Conference on
Empirical Methods in Natural Language Processing, pp. 1815-1827, Seattle, Washington, 2013.

[35]. Al-Garadi MA, Yang Y-C, Cai H et al. , “Text classification models for the automatic detection
of nonmedical prescription medication use from social media,” BMC Medical Informatics and
Decision Making, vol. 21, no. 1, 2021.

[36]. Yang Y-C, Al-Garadi MA, Love JS, Perrone J, and Sarker A, “Automatic gender detection in
Twitter profiles for health-related cohort studies,” JAMIA Open, vol. 4, no. 2, article 00ab042,
2021.

[37]. Mohammad SM and Turney PD, “Crowdsourcing a word—emotion association lexicon,”
Computational Intelligence, vol. 29, no. 3, pp. 436-465, 2013.

[38]. Plutchik R, “The nature of emotions,” American Scientist, vol. 89, no. 4, pp. 344-350, 2001.

[39]. Vosoughi S, Roy D, and Aral S, “The spread of true and false news online,” Science, vol. 359, no.

6380, pp. 1146-1151, 2018. [PubMed: 29590045]

[40]. Curnock MI, Marshall NA, Thiault L et al. , “Shifts in tourists’ sentiments and climate risk
perceptions following mass coral bleaching of the Great Barrier Reef,” Nature Climate Change,
vol. 9, no. 7, pp. 535-541, 2019.

[41]. Mohammad SM and Kiritchenko S, “Using hashtags to capture fine emotion categories from
tweets,” Computational Intelligence, vol. 31, no. 2, pp. 301-326, 2015.

[42]. Hutto C and Gilbert E, “Vader: A parsimonious rule-based model for sentiment analysis of social
media text,” in Proceedings of the International AAAI Conference on Web and Social Media, pp.
216-225, Ann Arbor, Michigan, 2014.

[43]. Lu X, Chen L, Yuan J et al. , “User perceptions of different electronic cigarette flavors on social
media: observational study,” Journal of Medical Internet Research, vol. 22, no. 6, article e17280,
2020.

Health Data Sci. Author manuscript; available in PMC 2023 August 24.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Al-Garadi et al.

Page 15

[44]. Ribeiro FN, Aradjo M, Gongalves P, Gongalves MA, and Benevenuto F, “Sentibench-a

benchmark comparison of state-of-the-practice sentiment analysis methods,” EPJ Data Science,
vol. 5, no. 1, pp. 1-29, 2016.

[45]. Tausczik YR and Pennebaker JW, “The psychological meaning of words: LIWC and

computerized text analysis methods,” Journal of Language and Social Psychology, vol. 29, no. 1,
pp. 24-54, 2010.

[46]. Golder SA and Macy MW, “Diurnal and seasonal mood vary with work, sleep, and daylength

across diverse cultures,” Science, vol. 333, no. 6051, pp. 1878-1881, 2011. [PubMed: 21960633]

[47]. Kramer AD, Guillory JE, and Hancock JT, “Experimental evidence of massive-scale emotional

contagion through social networks,” Proceedings of the National Academy of Sciences, vol. 111,
no. 24, pp. 8788-8790, 2014.

[48]. McKnight PE and Najab J, “Mann-Whitney U test,” The Corsini Encyclopedia of Psychology,

vol. 1-1, 2010.

[49]. Nachar N, “The Mann-Whitney U: a test for assessing whether two independent samples come

from the same distribution,” Tutorials in quantitative Methods for Psychology, vol. 4, no. 1, pp.
13-20, 2008.

[50]. Blei DM, Ng AY, and Jordan MI, “Latent Dirichlet allocation,” Journal of Machine Learning

Research, vol. 3, pp. 993-1022, 2003.

[51]. Lipari RN, Williams M, and Van Horn SL, The CBHSQ Report, Substance Abuse and Mental

Health Services Administration (US), 2017.

[52]. Razali NM and Wah YB, “Power comparisons of Shapiro-Wilk, Kolmogorov-Smirnov, Lilliefors

and Anderson-Darling tests,” Journal of Statistical Modeling and Analytics, vol. 2, pp. 21-33,
2011.

[53]. Rosenthal R and Rosnow RL, Essentials of behavioral research: Methods and data analysis,

MCGraw-Hill, New York, 3rd edition, 2008.

[54]. Zullig KJ and Divin AL, “The association between non-medical prescription drug use, depressive

symptoms, and suicidality among college students,” Addictive Behaviors, vol. 37, no. 8, pp.
890-899, 2012. [PubMed: 22541802]

[55]. CDC, Drug Overdose Death, Centers for Disease Control and Prevention, 2019.
[56]. McCabe SE, Knight JR, Teter CJ, and Wechsler H, “Non-medical use of prescription stimulants

among US college students: prevalence and correlates from a national survey,” Addiction, vol.
100, no. 1, pp. 96-106, 2005. [PubMed: 15598197]

[57]. Faraone SV, Rostain AL, Montano CB, Mason O, Antshel KM, and Newcorn JH, “Systematic

review: nonmedical use of prescription stimulants: risk factors, outcomes, and risk reduction
strategies,” Journal of the American Academy of Child & Adolescent Psychiatry, vol. 59, no. 1,
pp. 100-112, 2020. [PubMed: 31326580]

[58]. NIDA, Overdose Death Rates, National Institute of Drug Abuse Wibsite, 2019.
[59]. Center for Behavioral Health Statistics and Quality, 2014 National Survey on Drug Use and

Health: Methodological summary and definitions, Rockville, MD: Substance Abuse and Mental
Health Services Administration, 2015.

[60]. Substance Abuse and Mental Health Services Administration, Key substance use and mental

health indicators in the United States: Results from the 2019 National Survey on Drug Use

and Health (HHS Publication No. PEP20-07-01 001, NSDUH Series H-55), Rockville, MD:
Center for Behavioral Health Statistics and Quality, Substance Abuse and Mental Health Services
Administration, 2020, https://www.samhsa.gov/data/.

[61]. Eaton NR, Keyes KM, Krueger RF et al. , “An invariant dimensional liability model of

gender differences in mental disorder prevalence: evidence from a national sample,” Journal
of Abnormal Psychology, vol. 121, p. 282, 2012. [PubMed: 21842958]

[62]. Centers for Disease Control and Prevention, Wide-ranging online data for epidemiologic research

(WONDER), 2020, https://wonder.cdc.gov.

[63]. P. R. Center, Social Media Use in 2021, Pew Research Center, 2021.
[64]. Stevens K, Kegelmeyer P, Andrzejewski D, and Buttler D, “Exploring topic coherence over many

models and many topics,” in Proceedings of the 2012 joint conference on empirical methods

Health Data Sci. Author manuscript; available in PMC 2023 August 24.


https://www.samhsa.gov/data/
https://wonder.cdc.gov

1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Al-Garadi et al.

Page 16

in natural language processing and computational natural language learning, pp. 952-961, Jeju
Island, South Korea, 2012.

[65]. Tang J, Meng Z, Nguyen X, Mei Q, and Zhang M, “Understanding the limiting factors of topic
modeling via posterior contraction analysis,” in International Conference on Machine Learning,
pp. 190-198, Beijing, China, 2014.

Health Data Sci. Author manuscript; available in PMC 2023 August 24.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuely Joyiny

Al-Garadi et al.

Page 17

Positive

Disgust

Surprise Anticipation
Joy Fear
Negative Anger

Sadness
(a)

Family

Past focus

Achieve

Health

Work

(b)
—— Median: Male NMPDU group
—— Median: Female NMPDU group

FIGURE 1:
Summary comparison between the male and female users from the NMPDU group. ()

Emotional dimensions and (b) the personal and social concern content dimensions.
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(a) Sentiment strength distributions for NMPDU and non-NMPDU posts. (b) Comparison of
the means and confidence intervals of extreme positive tweets (sentiment score > 0:5) and
negative tweets (sentiment score < —— 0:5) in both non-NMPDU and NMPDU categories.
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Number of unique users and tweets in both NMPDU and non-NMPDU.

Unique users  Number of tweets

Opioids 8,290 8,084,203
Stimulants 18,540 39,917,674
Benzodiazepines 14,773 23,085,707
Polysubstance 8,230 11,164,212

Total number of unique users and number of tweets

Total NMPDU 49,833 82,251,796
Total non-NMPDU 37,885 55,352,960
Total 87,718 137,604,756
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