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ABSTRACT

Objective: Understanding public discourse on emergency use of unproven therapeutics is essential to monitor
safe use and combat misinformation. We developed a natural language processing-based pipeline to under-
stand public perceptions of and stances on coronavirus disease 2019 (COVID-19)-related drugs on Twitter
across time.

Methods: This retrospective study included 609 189 US-based tweets between January 29, 2020 and November
30, 2021 on 4 drugs that gained wide public attention during the COVID-19 pandemic: (1) Hydroxychloroquine
and Ivermectin, drug therapies with anecdotal evidence; and (2) Molnupiravir and Remdesivir, FDA-approved
treatment options for eligible patients. Time-trend analysis was used to understand the popularity and related
events. Content and demographic analyses were conducted to explore potential rationales of people’s stances
on each drug.

Results: Time-trend analysis revealed that Hydroxychloroquine and lvermectin received much more discussion
than Molnupiravir and Remdesivir, particularly during COVID-19 surges. Hydroxychloroquine and Ivermectin
were highly politicized, related to conspiracy theories, hearsay, celebrity effects, etc. The distribution of stance
between the 2 major US political parties was significantly different (P<.001); Republicans were much more
likely to support Hydroxychloroquine (+55%) and Ivermectin (+30%) than Democrats. People with healthcare
backgrounds tended to oppose Hydroxychloroquine (+7%) more than the general population; in contrast, the
general population was more likely to support lvermectin (-+14%).

Conclusion: Our study found that social media users with have different perceptions and stances on off-label
versus FDA-authorized drug use across different stages of COVID-19, indicating that health systems, regulatory
agencies, and policymakers should design tailored strategies to monitor and reduce misinformation for promot-
ing safe drug use. Our analysis pipeline and stance detection models are made public at https://github.com/
ningkko/COVID-drug.

Key words: COVID-19, natural language processing, deep learning, social media, drug safety, public health

©The Author(s) 2022. Published by Oxford University Press on behalf of the American Medical Informatics Association.
All rights reserved. For permissions, please email: journals.permissions@oup.com

OXFORD

1668


https://orcid.org/0000-0001-6268-1540
https://github.com/ningkko/COVID-drug
https://github.com/ningkko/COVID-drug
https://academic.oup.com/
https://academic.oup.com/

Journal of the American Medical Informatics Association, 2022, Vol. 29, No. 10 1669

INTRODUCTION

The emergence of the novel pathogen coronavirus disease 2019
(COVID-19) (SARS-CoV-2) resulted in the rapid publication of clin-
ical data. As expected, these data produced preliminary and often
anecdotal or underpowered evidence in the early stages of the pan-
demic. These preliminary data were widely used to promote the off-
label use of therapeutics within social media platforms (such as
Twitter) before US Food and Drug Administration (FDA) Emer-
gency Use Authorizations (EUAs)"? or sufficient safety and efficacy
evidence such as randomized controlled trials (RCTs). Off-label
drug use, or the unproven use of an approved drug, has been used
on a large number of patients as a “last resort” before COVID-19-
targeted therapies were developed. However, off-label drug use can
be potentially dangerous because of adverse effects. For example,
chloroquine and hydroxychloroquine, which were largely prescribed
in the early-pandemic period, can cause serious heart rhythm prob-
lems (eg, QT prolongation, tachycardia), leading to an increased
risk of cardiac death.>* The harm from unproven, off-label use may
also outweigh the benefits when considering that the most vulnera-
ble groups for COVID-19 are the elderly or patients with multiple

comorbidities.>*®

Given the fact that widespread off-label and com-
passionate use of drugs for COVID-19 can harm the public and also
discourage patients and clinicians from participating in RCTs,® un-
derstanding the public’s attitudes toward off-label drug use and why
people may promote off-label drug use during such times of anxiety
is critical to promoting safe medication use.

Studies have used social media data to understand public opin-
ions on COVID-19-related topics and detect misinformation dissem-
inated via social media platforms.” Despite a growing body of
studies that have used Twitter data to study COVID-19-related
issues and events, studies on drug use have so far only focused on
Hydroxychloroquine, Remdesivir, and Convalescent plasma ther-
apy, with a major focus on Hydroxychloroquine.*'® However,
most research to date has not leveraged modern natural language
processing (NLP) techniques (eg, BERT'") to extract fine-grained
opinions or investigate the relationship between stance and multiple
social factors. To fill in gaps in this research area, we aimed to un-
derstand and compare public perception of 4 different drugs on
Twitter during different waves of the pandemic, specifically: (1)
Hydroxychloroquine and Ivermectin, drugs with anecdotal evidence
in preventing and treating COVID-19; and (2) Molnupiravir and
Remdesivir, FDA-approved treatment options for eligible patients
with COVID-19. We developed an analytic pipeline that integrates
advanced computational technologies in NLP and machine learning
to investigate the public’s standpoint on the 4 drugs, and its relation-
ship with age, medical background, and political leanings over time
using 2 years of Twitter data. Specifically, we aimed to answer the
following research questions:

. Were off-label drugs more popularly discussed than COVID-19-
targeted drugs under development?

. What did people discuss about these drugs? What were their sup-
porting or opposing rationales?

. Who was prone to support emergency use of unauthorized off-
label drugs versus FDA-authorized drugs?

The first question can be answered by tracking the number of
tweets related to each drug over time. Similar methods have been
used to track the popularity of different study subjects.'>™'* The sec-
ond question usually requires NLP techniques to detect stance

and conduct a content analysis on tweets. Stance detection is an
approach to automatically detect an author’s stance (eg, support,
against, neutral) towards a specific topic. It has been applied to

16-18

study the public perception of COVID-19 vaccines, mask-wear-

ing,'>*'? and other COVID-19 topics. This study adopted a variant
of BERT!! to embed documents for clustering and topic generation,
which has been tested and used in COVID-19 research.?%® Last,
we applied geospatial and demographic analysis to answer the third
question. Previous work has established the validity of using demo-
graphic analysis to understand disparities among various population
groups (eg, gender, age) in concern and their sentiments towards

vaccines or mask-wearing during the pandemic.?=27

MATERIALS AND METHODS
Study design

In this retrospective cohort study, we developed a pipeline using
NLP, machine learning, and statistical methods to conduct the fol-
lowing analyses using Twitter data (Figure 1): (1) a time-trend anal-
ysis to examine the relationship between the drug-related tweets and
the number of newly confirmed COVID-19 cases and public stance
on each drug; (2) demographic analyses to understand the public
sentiment on the drugs and demographic attributes of different
groups of people; and (3) viewpoint extraction with content analyses
to study detailed rationales behind people’s perceptions on the
drugs.

This study has been approved by the Mass General Brigham In-
ternational Review Board.

Data sources

Two publicly available datasets, John Hopkins University’s (JHU)
COVID-19 data repository (JHU-CDR)* and the COVID19_T-
weets_Dataset (CTD),?® were used in this study. JHU-CDR contains
global confirmed COVID-19 daily case counts for each region or
country. CTD contains unique tweet identifiers (IDs) associated
with COVID-19 and is mapped to the tweet IDs in previously pub-
lished research on this topic by Chen et al.?” Figure 2 shows the
number of tweets in each step of the study.

Data preparation

This study included only original (nonreposted) English tweets
originating in the United States. Ninety-three weeks of tweets from
January 29, 2020, 1 week after the first laboratory-confirmed
COVID-19 case report in the United States,”* to November 30,
2021. A total of 396380339 English COVID-19-related tweets
were pulled. The 93 weeks were divided into 3 sections based on the
onset of the 3 major waves of COVID-19 in the United States, which
were determined based on the weekly distribution of new cases.
Wave 1 starts on January 29, 2020, the first date in the dataset. We
set the beginnings for wave 2 (September 16, 2020) and wave 3
(July 7, 2021) to be the first rebound of new cases after a constant
declining pattern (Figure 3).

We focused on 4 drugs that received relatively high public atten-
tion during the pandemic (ie, Hydroxychloroquine, Ivermectin,
Molnupiravir, and Remdesivir; Table 1). A drug lexicon (Supple-
mentary Appendix SA) was curated by clinical informaticians to
case-insensitively extract tweets mentioning the 4 drugs. The drug
lexicon was also extended via manual review of candidates that
were fuzzy matched to appropriate synonyms. The drug-
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Figure 1. A comprehensive multimodal pipeline to study the public perception of drugs during the COVID-19 period.
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Figure 2. Data flow diagram.

related tweets were further extracted to include only tweets with
geolocation in the United States (Supplementary Appendix SB). In
total, we identified 108 976 Twitter users with 609 189 tweets.

Time trend analysis and correlation study

Daily new COVID-19 case counts were aggregated into the same
weekly metric as the tweets (Tuesday-Monday). The weekly number
of new cases and numbers of tweets related to each drug is overlaid
to compare trends in public attention on each drug across time.

Stance detection model

We developed 2 COVID-drug-stance RoBERTa-base models by
fine-tuning a pretrained Twitter-specific stance detection model®’
on a stance dataset called COVID-CQ.>! COVID-CQ contains
3-label annotated opinions (negative, neutral, and positive; with
14353, 14373, and 14 372 tweets, respectively) of the tweet initia-
tors regarding the use of Chloroquine or Hydroxychloroquine for
the treatment or prevention of the coronavirus. The data were di-
vided into training and validation datasets with a 70:30 ratio. Model
I (COVID-drug-stance-BERT) was trained on the original tweet
data, and Model II (COVID-drug-stance-BERT-masked) was
trained on tweets with drug names masked as “[mask]” for model
generalizability on different drugs. The 2 models had similar perfor-
mance on the COVID-19 validation set: COVID-drug-stance-BERT

had an accuracy of 86.88%, and the masked model had an accuracy
of 86.67%. The 2 models were then evaluated by predicting tweet
initiators’ attitudes towards the drug mentioned in each tweet using
randomly selected test sets (100 tweets) of each drug. Tweets with
more than 1 drug mention were removed in this step and for later
stance-based analysis (number of tweets summarized in Supplemen-
tary Appendix SC). As suggested by the evaluation in Table 2,
Model T had better performance and was therefore used in this
study.

Content analysis

Here, we propose a new pipeline for content analysis. We used text
clustering and Named Entity Recognition (NER) word clouds to
summarize public opinions for content analysis. For text-clustering,
we used BERTweet to embed tweets and principal component analy-
sis to reduce the embedding dimensions. We classified tweets based
on drugs and stances and used K-Means to find k clusters for each
drug per wave. Then, we used SentenceBERT to find 7 closest sen-
tences in the same clusters and summarized the main arguments for
supporting using the drugs as cures or preventatives for COVID-19.
We used the elbow method and empirically set k=15 and 7z =30 via
a manual review process (Supplementary Appendix SD).

For NER word clouds, Stanza’s 4-class (person, organization, lo-
cation, and miscellaneous) tweet NER model was used to extract
named entities.>*33 The extracted NERs were plotted per wave per
drug to show the change in people’s foci over time.

Demographic analysis

We conducted demographic inference, including geolocation, politi-
cal partisanship, healthcare background, age, and gender in this
study (Supplementary Appendix SE). In short, we calculated and vi-
sualized statewide average stance per drug per wave for geoinfer-
ence; We follow Demszky et al*® to infer political affiliation and Li
et al*® to infer healthcare background. To infer age and gender, we
used a standard approach called M3 as presented by Wang et al.>
We calculated and visualized the distribution of each group as classi-
fied by their stances. Finally, we used the Pearson Chi-Square test to
examine if there were significant associations between demographic
groups and different attitudes towards the drugs.
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Figure 3. (A) The trends of (1) the number of tweets that mentioned COVID-19-related drugs: Hydroxychloroquine, lvermectin, Molnupiravir, Remdesivir, and (2)
weekly COVID-19 case counts (stepped line) in the United States. Wave boundaries are noted by dashed vertical lines. Major drug events are noted by numbers:
(1) March 19, 2020: Trump declared Hydroxychloroquine a game-changer; (2) March 28, 2020: FDA approved a EUA to use Hydroxychloroquine for certain hospi-
talized patients; (3) May 1, 2020: FDA approved a EUA to use Remdesivir for severe patients; (4) July 15, 2020: FDA cautioned against the use of Hydroxychloro-
quine; (5) October 22, 2020: FDA approved Remdesivir for conditional use; (6) December 10, 2020: FDA cautioned against lvermectin; (7) February 4, 2021: Merck
cautioned against Ivermectin; (8) April 17, 2021: FDA clarified that Remdesivir was not approved; (9) May 1, 2021: FDA recalled a batch of Remdesivir vials, (10)
August 21, 2021: FDA denounced Ivermectin as a COVID-19 treatment following an increase in overdoses; (11) November 4, 2021 Britain authorized Molnupiravir
for COVID-19 treatment. (B) Distribution of percentage of tweets with positive (1, blue), neutral (0, gray), and negative (—1, red) stances for each drug. COVID-19:
coronavirus disease 2019; EUA: Emergency Use Authorization FDA: US Food and Drug Administration.

RESULTS

Were off-label drugs more popularly discussed than
COVID-19 drugs underdevelopment?

Among 609 189 tweets geotagged in the US, the public interest was
primarily in Hydroxychloroquine and Ivermectin (255573, 42.0%
and 332381, 54.6% mentions, respectively), and most tweets
showed a supportive attitude (53.04% and 57.72%, respectively)
across all 3 waves (Figure 3). Hydroxychloroquine received the most
attention in the first wave and had an increasing proportion of sup-
porters and a decreasing number of opposers across the 3 waves. In
contrast, Ivermectin gained popularity in the third wave but had a
very high approval and low disapproval rate in the first 2 waves. In
wave 3, Ivermectin had a much lower approval rate and a more than
2-fold increase in the disapproval rate. We hypothesize that the in-
crease in disapproval may have been a consequence of the FDA de-
nouncing Ivermectin as a COVID-19 treatment due to increasing

overdose rate (event 10 in Figure 3). In contrast, Molnupiravir and
Remdesivir received sporadic attention during the study period
(6285, 1.0% and 54950, 9.0% mentions, respectively), and had a
lower proportion of supporters (47.32%, 44.27%). Molnupiravir
only started to receive some attention after September 2021, and it
had the highest ratio of neutral users, though its supporters had
been gradually increasing. Public discussion concerning Remdesivir
on Twitter dramatically decreased after its conditional FDA ap-
proval on October 22, 2020, at the beginning of wave 2 (event 5). It
continued to have an increasing number of opponents, but the pro-
portion of supporters was almost flat.

What did people discuss about the drugs?

Through NER (Figure 4), we found that Hydroxychloroquine had a
clear and consistent connection with the former US President Don-
ald Trump, and his endorsement of the therapy.’” Ivermectin, in
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Table 1. Treatment indications?® and FDA approval information with dates?® of the selected drugs

FDA approval information and dates

Drug name Indications and usage (regarding COVID-19)
Hydroxychloroquine  Prevent and treat acute attacks of malaria. March 28, 2020: FDA issued an Emergency Use
Treat rheumatoid arthritis and systemic lupus erythematosus. Authorization (EUA).

June 15, 2020: EUA canceled.
Ivermectin Treat intestinal parasitic worms, parasitic diseases, Strongyloides Never been approved.
Stercoralis and Onchocerca Volvulus.
Molnupiravir Treat both influenza and COVID-19 for patients infected by SARS-CoV-2.  December 23, 2021: EUA issued.

March 20, 2020: Compassionate use approved.

May 1, 2020: EUA issued.

October 22, 2020: Approved for adults and
pediatric patients 12 years of age and older.

Table 2. Evaluation of 2 drug-stance models on each of the 4 drugs

Model I: original tweet

Model II: drug names masked

Drug Precision Recall F1-Score Precision Recall F1-Score
Hydroxychloroquine 0.93 0.92 0.92 0.84 0.83 0.83
Ivermectin 0.92 0.91 0.91 0.72 0.68 0.68
Molnupiravir 0.89 0.89 0.89 0.78 0.77 0.77
Remdesivir 0.82 0.79 0.79 0.70 0.66 0.66
Hydroxychloroquine Ivermectin Molnupiravir Remdesivir
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Figure 4. Word clouds of named entities per drug per wave. The stances and interests of influencers such as politicians, doctors, and celebrities as well as the rel-
evant pharmaceutical companies that developed the drugs were usually the centers of the discussions.

contrast, was linked to different named entities throughout 3
waves, such as people (eg, Thomas Borody, Pierre Kory, and Joe
Rogan) who proposed or advocated the use of Ivermectin for
COVID-19 and places (eg, Australia, India) where it was used in a
controversial manner. Molnupiravir, co-developed by Merck and
Ridgeback, had been associated with these 2 organizations in all 3
waves (eg, Julie Gerberding, the Chief Patient Officer and Execu-
tive Vice President at Merck). Besides, Pfizer’s oral antiviral named

Paxlovid which showed superior effectiveness in clinical trials was
also mentioned in both waves 2 and 3. The UK and Britain were
also mentioned in relation to Molnupiravir in wave 3 because it
was approved there. Remdesivir, invented by Gilead Science, was
likewise linked to the company in all 3 waves. Additionally,
Remdesivir was also consistently associated with famous people
who supported use of the drug (eg, Anthony Fauci, Donald Trump,
and Rand Paul).
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Table 3. Top 5 user rationales for supporting each drug®

Top rationales

Hydroxychloroquine

Ivermectin

Molnupiravir

Remdesivir

Supported by scientific research,
health workers, and doctors

Effective shown by experiences of
celebrity/family/friends/self/peo-
ple in other countries

Cheap, banned because pharma-
ceutical companies and Dr. An-
thony Fauci are lucrative.

Safely used for decades, safer than
vaccines

Deliberately politicized by Demo-
crats to oppose Trump

Supported by scientific research,
health workers and doctors

Effective shown by experiences of
celebrity/family/friends/self/peo-
ple in other countries

Cheap, banned because pharma-
ceutical companies and Dr. An-
thony Fauci are lucrative.

Safely used for decades, safer than
vaccines

Never tested by institutions on
humans because they know it
will work

Supported by scientific research,
health workers and doctors
Produced at a low cost

Approved by the UK regulatory au-
thorities

Recommend by FDA advisers for
authorization

Tested by Georgia State University
and recommended for Emer-
gency Use Approval

Supported by scientific research,
health workers, and doctors

Effective shown by experiences of
celebrity/family/friends/self/peo-
ple in other countries

Issued an Emergency Use Approval
by the UK regulatory authorities

Issued an Emergency Use Approval
by the FDA

Supported by both the Trump ad-
ministration and Dr. Anthony
Fauci

*The same rationales across different drugs are highlighted using the same color.

The content analysis results summarized in Table 3 show the top
5 arguments from supporters of each drug. The top rationales for
supporting the off-label drugs concerned authoritative evidence, an-
ecdotal evidence, price, safety, and politics, while the top rationales
for supporting the COVID-19 targeted drugs exclusively concerned
authoritative evidence, anecdotal evidence, and policies. Hydroxy-
chloroquine and Ivermectin supporters had more rationales than
supporters of Molnupiravir and Remdesivir.

For Hydroxychloroquine and Ivermectin, a large proportion of
the proponents cited certain evidence from published research stud-
ies, health workers, and doctors. However, most people cite the
sources regardless of their factuality. For example, some people cited
clinical results without RCTs or given by research that was later
retracted. A group of proponents for Hydroxychloroquine and Iver-
mectin argued that India and numerous other countries such as Aus-
tralia and Japan approved these 2 drugs to treat COVID-19 and
related the mitigating trends in these countries to these drugs. How-
ever, India has de-approved the use of the 2 drugs since September
24, 2021,%® while Australia and Japan have never authorized Iver-
mectin to treat COVID-19.3*~*! Other users believed that Hydroxy-
chloroquine and Ivermectin were safer than vaccines because they
had been safely used for a long time, while vaccines were recently
developed and therefore unreliable. In accordance with previous lit-
erature, a group of users liked to cite anecdotal evidence from celeb-
rities, people around them, or themselves. We also observed that
Hydroxychloroquine was highly politicized, whereas both Molnu-
piravir and Remdesivir proponents had few statements. They tended
to draw evidence from recent news, reports, UK regulations, or FDA
regulations to support their views. Interestingly, some people sup-
ported Molnupiravir because they believed that Merck is a good
company for not trying to profit from their drug, Ivermectin. This
contrasts sharply with Remdesivir because the main argument from
its opponents was that the authorities promoted Remdesivir over
cheaper therapeutics in order to make a profit.

We also analyzed the reasons given by the opponents of each
drug but found that there were only a few reasons, and they were
mostly retaliatory statements to the reasons given by the propo-
nents. Some examples of the reasons are that experiments showed
that the drug was ineffective, expensive, and incorrectly considered
effective for political reasons.

Who was prone to support emergency use of
unauthorized off-label drugs versus FDA-authorized
drugs?

Figure 5 demonstrates that the stance towards each drug varied state
by state and changed across COVID waves. The overall attitude to-
wards Hydroxychloroquine and Ivermectin changed from positive
to neutral, opposite to that of Molnupiravir and Remdesivir.
Hydroxychloroquine had an average positive sentiment manifested
in Wyoming and Alabama in waves 1-2, and Louisiana in wave 3.
Ivermectin had positive attitudes primarily in Montana, Arizona,
Florida, etc., but only in waves 1-2. Molnupiravir had consistent
positive discussions in most states that had data, while Remdesivir
had mostly neutral discussions except in wave 3.

Figure 6 shows the results of demographic analyses. The political
partisanship assignment method predicts 45.5% (Democratic),
16.3% (Neutral), and 38.3% (Republican) from the total sample.
The distribution of stance for left and right partisans was signifi-
cantly different (Chi-square test) for the 4 drugs (P <.001 for all).
The result also suggested that the Republicans were more likely to
support Hydroxychloroquine (71% vs. 16%) and Ivermectin (63%
vs. 33%) than Democrats. This corresponds to our findings in the
content analysis: Hydroxychloroquine supporters thought that the
therapy was politicized by the Democrats as a measure to oppose
the former president. It is also expected that attitude regarding
Remdesivir was polarized as our content analysis shows that some
Hydroxychloroquine and Ivermectin supporters believed that An-
thony Fauci was involved with the invention of and profited from
Remdesivir.

For healthcare backgrounds, we found that around 9.0% tweets
came from users with healthcare backgrounds. The stance distribu-
tion of users with healthcare background significantly differed from
the other group for all drugs (P <.001) but Molnupiravir (P =.029).
The analysis also shows that users with healthcare backgrounds
were more likely to support Molnupiravir (49.3% vs. 42.0%) and
oppose Hydroxychloroquine (48.0% vs. 41.7%) compared to the
general population, while the general population tended to support
Ivermectin (49.5% vs. 36.0%) and Remdesivir (44.5% vs. 41.2%).

Regarding gender (Supplementary Appendix SF), 71.8% of
tweets came from male users and 28.2% came from female users,
which was different from the standard female (43.6%) and male
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Figure 5. Longitudinal geo-temporal analysis of Tweeted sentiment of the 4 drugs by COVID-19 pandemic wave. The average sentiment of each state was classi-

fied into positive, neutral, and negative. COVID-19: coronavirus disease 2019.

(56.4%) ratio on Twitter.*> The stance distribution for predicted
gender is significantly different between male and female users for
Hydroxychloroquine, Ivermectin, and Remdesivir (P <.001), but
not Molnupiravir (P =.036).

Finally, the age distribution for all the tweets is 7.1% (<18),
28.5% (19-39), and 64.5% (>40). Considering that Twitter users
mainly consist of younger users (18-29) as suggested by a census in
2021,* we can infer that the age group of >40 had been the main
force in the drug-related discussion. The age plot showed that there
is no obvious relationship between age and stance for the 4 drugs
(Supplementary Appendix SF).

DISCUSSION

In this study, we leveraged a large amount of Twitter data
(396380339 original tweets across 93 weeks), advanced NLP
(BERT), and machine learning technologies (K-Means-based topic
clustering) to assess public perception of COVID-19-related drugs
across time. We developed and released an NLP pipeline based on
BERT stance detection and text clustering models for content and
demographic analyses. To the best of our knowledge, this is the first
work to (1) develop and release stance detection models on social
media discourse on drugs; (2) apply stance detection models to char-
acterize group attitudes toward COVID-19 drugs; (3) study the rela-
tionship between public stances and the underlying demographic
features, regarding 4 popular COVID-19-related drugs. Through
this pipeline, we successfully (1) compared the attention received by
4 COVID-19-related drugs: 2 repurposed off-label drugs (Hydroxy-
chloroquine and Ivermectin) and 2 drugs authorized by FDA for
COVID-19 (Molnupiravir and Remdesivir), across 3 pandemic
waves; (2) investigated the potential impacts of milestone events on
the public discussions on drug use; and (3) compared demographic
factors (geolocation, political orientation, medical background, age,

and gender) that potentially affected tweet frequency and stance dis-
tribution of each drug.

We found that although off-label drug use is risky, the public still
repeatedly supported taking the risk when there were no present
treatments for disease. Repurposed drugs which only have anecdotal
evidence were more popularly discussed and supported compared to
drugs that were developed for COVID-19 or have been approved by
the FDA for emergency use without retraction. Also, through the
NER analysis, we found that celebrities and political figures such as
the comedian Joe Rogan and former President Donald Trump
appeared far more influential than others. For example, Anthony
Fauci, the Chief Medical Advisor on COVID-19 to the President,
was frequently mentioned suggesting that he suppressed Hydroxy-
chloroquine for his own benefit and pushed the expensive new drug
Remdesivir, in which he has a financial stake. This is in accordance
with a previous study that shows that “fake news” and inaccurate
information may spread faster and more widely than fact-based
news. The celebrity effect and conspiracy theories allow misinforma-
tion to disseminate more broadly and be believed without significant
evidence.*** For example, just 2 days after the March 19, 2020
press conference held by Donald Trump, purchases for medicine
substitutes such as Hydroxychloroquine had increased by 200%.3”
Through content analysis, we also found factors that contributed to
the popularity of Hydroxychloroquine and Ivermectin: (1) the af-
fordable price, (2) overconfidence in its safety (eg, believing that the
worst outcome is only ineffectiveness), (3) hearing about other peo-
ple’s good experiences with it and believing that other countries
have seen improved COVID-19 outcomes because they used the
drug, and even (4) the belief that the authorities are keeping the
drug out of the public’s hands for their own benefit.

We noticed that some groups of people believed that Democrats
used Hydroxychloroquine to defame Donald Trump and the Repub-
lican party. Some users believed that the Democrats tried to ban
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Appendix SF.

Hydroxychloroquine because they didn’t want the United States to
be back to normal before the 2020 presidential election. Some other
less frequent observations include that Hydroxychloroquine sup-
porters were disappointed at the inconsistent stances of the US offi-

cials (eg, Trump Administration vs. Centers for Disease Control and
Prevention [CDC]), which deepened their distrust towards the gov-
ernment and made them believe that the government is hiding the
treatment from them. Some Ivermectin supporters argued that peo-
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ple who could not get vaccinations because of immunodeficiency
should be allowed to have other choices, that is, Ivermectin. Some
Twitter users without a strong standpoint seemed to be irritated by
the strong censorship of off-label drug use mentions on major media
such as Facebook, YouTube, and Twitter. As a result, they may
have perceived that authorities were over-reacting and attempting to
politicize the drug.

Our study also shows that although Hydroxychloroquine has
long been proven not to provide meaningful benefits for COVID-19
patients in September 2020 (the junction point of waves 1 and 2),*
the proportion of its supporting tweets continued to grow. Some
people believed that Hydroxychloroquine was evaluated unfairly
and suspected that the Democrats used science for political pur-
poses. This demonstrates that scientific reports on drugs will not
end misinformation. As the number of prescriptions of Ivermectin
for use by humans in the United States has increased to 24 times the
prepandemic level, and prescriptions for veterinary use are also in-
creasing,*” we call for attention from public health agencies, policy-
makers, and health professionals to our findings to develop better
public health strategies to reduce misinformation at an early stage.
These strategies may include tailored education to individuals/
groups with different demographic backgrounds and engaging peo-
ple with different political views to depoliticize science and promote
the spread of accurate information online.

Looking into the demographic traits of supporters and opponents
of each drug, we found that the public opinion towards COVID-19-
related drugs is highly divided in terms of political partisanship. This
observation confirmed findings from previous work that partisanship
affected public reaction to potential COVID-19 treatments.**=!
While partisanship has long affected public responses to social issues
and politicians, it is still striking to see how much this polarization
has affected the public’s search for potential cures during a health cri-
sis. Previous studies have also shown that political, media, and tech-
nological forces have driven us into isolated and like-minded camps
hostile to outside views.’>>® We propose that public agencies, social
platforms, and the government should take actions to engage people
with different political opinions to value science and promote the
spread of true information online for the common social good to re-
duce such effects of echo chambers.**

In addition to the findings and suggestions mentioned above, our
open-source models and innovative pipeline can be used for similar
social media-based public opinion analyses. In detail, we combined
BERT-based stance detection and text clustering to extract fine-
grained top rationales from the proponents and opponents of each
drug. This approach allows researchers to summarize better and un-
derstand the public opinions toward drug use. In addition, we com-
bined different existing modules to infer the demographic traits of
Twitter users to study the relationship between these attributes and
user stances. This pipeline allows researchers to understand the user
background without human annotations. In practice, our methods
characterize and capture complex user characteristics and social phe-
nomena, which could provide important insights into developing bet-
ter public health strategies to reduce misinformation at an early stage.

Limitations

Public opinion analysis conducted on the Twitter platform may suf-
fer from cohort bias, as the statistics on Statista show that Twitter
does not cover a representative subset of the whole population.>®
Also, this study used geolocation information to identify US Twitter
users, which is not always available and/or reliable. To mitigate this,

we included 2 ways of geolocation extraction in our method, consid-
ering both geolocation sharing and self-reported location from user
profiles (Supplementary Appendix SB). However, many Tweets
from US users who didn’t have access to a mobile phone with GPS
or who preferred not to share their location information may have
been missed from our analysis. While the ability to know where
Twitter users are located is very valuable, the missingness may have
altered the population distribution of the initial data and introduced
potential bias. In addition, the M3 model has bias due to its training
data, although the authors have applied debiasing techniques. This
M3 model is also limited by encoding gender as a binary variable.
The political partisanship inference method is also limited because it
does not handle users who do not follow many politicians or users
who like to follow politicians from both parties. Future work should
develop more effective NLP solutions to facilitate opinion mining
with fewer human annotations.

CONCLUSION

This study developed a pipeline based on qualitative and quantita-
tive analyses, leveraging modern NLP techniques such as BERT, as
well as machine learning. Applying the pipeline on nearly 2 years of
data, we filled in the research gap of understanding public percep-
tion towards COVID-19-related drugs. We found that the amount
of public discourse on off-label drugs far exceeded that for non-off-
label drugs during the pandemic. The reasons for supporting
off-label drugs mostly came from hearsay, celebrity effects, and con-
spiracy theories. Political orientation and healthcare background are
significantly associated with attitudes toward each drug. We call on
public health agencies to develop targeted campaigns for safe medi-
cation use to avoid counterproductive effects. NLP-based tools can
be leveraged to detect trends, monitor public opinions, and conduct
demographic analyses on public discourse, effectively informing
journalists, social media platforms, and government agencies of the
public’s thoughts.
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