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Abstract

Social media is playing a critical role in the
dissemination of health information, and anecdotal
evidence suggests it is influencing the perceptions of
healthcare providers. To understand the influence of
social media on healthcare providers' clinical decisions,
we examine the influence of Twitter discourse regarding
Hydroxychloroquine (HCQ) for treating COVID-19
patients on the proportion of HCQ prescriptions
prescribed for COVID-19 patients in the USA in 2020.
We collected Twitter data from Twitter API v2 and HCQ
prescriptions in the USA from Symphony Health data on
the COVID-19 research database. Econometric analysis
of our data indicates that Twitter discourse has a
positive influence on the HCQ prescriptions prescribed
in the USA in 2020. Our results are robust to time-
invariant location-specific metrics. We discuss the
possible pathways through which Twitter could have
influenced healthcare providers' prescribing decisions.

Keywords: Social media, Healthcare provider,
Twitter, COVID-19, Hydroxychloroquine

1. Introduction

Healthcare providers (HCP)’ decision-making is
increasingly being influenced by information on social
media. For example, a recent TikTok video on weight
loss information may have increased consumption of the
prescription-only diabetes drug Ozempic for weight loss
(Court, 2022). Healthcare professionals often faced with
making decisions in situations of high uncertainty,
particularly when dealing with new diseases like
COVID-19, where established medical protocols are
limited, may turn to social media to seek relevant
information since social media can provide them access
to the latest information shared by their peers and
insights into patient experiences (Abbasi et al., 2019;
Chau et al., 2020; Kallinikos & Tempini, 2014; Pershad
et al., 2018; Ventola, 2014; Xie et al., 2022). Research
has shown that patients are willingly sharing detailed
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information about their experiences on social media,
making it a key resource for understanding their
perspectives and behaviors (Kallinikos & Tempini,
2014; Schumacher et al., 2014; Xie et al., 2022).
Research also reports that healthcare providers are using
social media to share information for patient education,
seeking advice from peers about new treatments and
clinical problems, and accessing medical research
(Pershad et al., 2018; Ventola, 2014). This has been the
case, especially during the COVID-19 pandemic, where
social media has become the leading medium of
communication for patients and HCPs to share and seek
information due to limited mobility (Md. Monirul et al.,
2021).

However, social media information may not always
be accurate or reliable (Ventola, 2014). Social media
tends to emphasize anecdotal reports based on
individual patient stories and create “echo chambers”
where users’ pre-existing beliefs are reinforced and
protected from opposing viewpoints (Jang & Chung,
2022; Kaylor, 2019; Kitchens et al., 2020; Ventola,
2014). In addition, false and emotionally charged
information is prone to virality in social media (Ferrara
& Yang, 2015; Vosoughi et al., 2018). Thus, healthcare
information from social media may be biased or
incomplete and can adversely impact care decisions
(Riemer & Peter, 2021).

To understand social media's influence on healthcare
providers” (HCPs) care decisions, we empirically
examine the influence of Twitter discourse regarding
Hydroxychloroquine (HCQ) on the actual prescribing
rates of the drug in the USA for treating COVID-19
patients. We examine the discourse regarding COVID-
19 as it is a new disease with no previously established
medical protocols, providing a unique opportunity to
understand the influence of social media information on
HCPs' decisions. We examine the Twitter discourse as it
has emerged as one of the most prominent platforms for
healthcare communication (Pershad et al., 2018; Yeung
etal., 2021). Hence, our research question is: How does
the Twitter discourse regarding prescribing
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Hydroxychloroquine (HCQ) for treating COVID-19
patients influence the prescription decisions of
providers in the USA?

We assembled a novel dataset from different sources
to answer our research question. We collected the HCQ
prescription data for COVID-19patients from the
Symphony Health dataset through the “COVID-19
Research Database”. We gathered around 16 million
tweets and retweets regarding the HCQ and COVID-19
from Twitter Application Programming Interface (API)
v2 using keywords. We then extracted about 10 million
English-language tweets and retweets from the USA.
Through a mixed-method approach of machine
learning, human coding, and several Natural Language
Processing (NLP) and text analytic techniques, we
identified relevant tweets and conceptualized the users’
stance on using the HCQ for treating COVID-19. We
employed a two-way fixed effects model and an
autocorrelation-corrected two-way fixed effects model
with state and week fixed effects to answer our
empirical research question. To account for the
endogeneity in our model, we employed several
different control variables and supplemented our
analysis with instrumental variable estimation and other
robustness checks. Our results indicate that the Twitter
discourse regarding prescribing HCQ for treating
COVID-19  patients positively influences the
prescription decisions of providers in the USA.

Our paper contributes to both academic research and
practice. Our study is among the first in IS literature to
explore the influence of social media on healthcare
providers’ decisions through panel data analysis of
Twitter data and pharmaceutical insurance claims. The
practical contributions of our study are twofold. First,
our study empirically demonstrates the growing
influence of social media, like Twitter, in healthcare. We
demonstrate how care providers are likely to utilize
information from social media under high uncertainty.
Second, in contrast to most of the studies employing
Twitter data, we infer and use the stance of the Tweets
as a proxy of user opinion regarding a topic in place of
the tone of tweets in our analysis. To infer the stance of
the users in the topical discussion, we utilized a mixed
methods approach of machine learning and human
coding.

2. Empirical context

Twitter serves as an appropriate social media
platform to empirically examine our research objectives
for four reasons. First, Twitter is one of the most
prominent social media platforms, with 166 million

1https://nacn-usa.org/wp-content/uploads/Zelenko-Covid-19-
Prophylaxis-Protocol.pdf

monetizable daily active users as of 2020 (Jay, 2022).
This indicates that any topical discourse on Twitter will
likely engage a broad range of users, increasing the
velocity of information dissemination. Second, Twitter
is considered one of the most popular social media
platforms and is used extensively by physicians and
patients to share information. Nakagawa et al. (2022),
based on their longitudinal study, report almost a 112%
increase in active physicians using Twitter from 2016-
2020. Third, unlike other social media platforms like
WhatsApp and Facebook, Twitter is an open platform
for all users from different professions, such as
healthcare professionals, public health officials,
patients, and politicians. Twitter’s accessibility for all
users ensures that any topical discourse on Twitter will
involve different viewpoints and perspectives. Fourth,
research indicates that the Twitter algorithm allows
comparatively less diversity of information sources than
other platforms, providing a higher possibility of
observing any influence of algorithmic filtering and
social network homophily (Kitchens et al., 2020).

The Twitter discourse regarding employing HCQ for
treating COVID-19 patients was chosen as the empirical
context of interest for three reasons. First, during the
initial period of the pandemic, COVID-19 was a rare
disease with no established medical protocols of
treatment for the providers to follow. Even after
establishing initial protocols, there were highly
opposing and polarized perspectives about using HCQ
for treating COVID-19 from various reputable sources.
While some published articles and professionals touted
HCQ effectiveness (Zelenko protocol?), other sources
debated its ineffectiveness and possible harm(Mehra et
al., 2020) (retracted). The retraction of articles such as
Mehra et al. (2020) published by reputed journals such
as Lancet due to data inconsistencies increased the
uncertainty around the medication efficacy. The
ambiguity led to an environment where the prescription
of HCQ for COVID-19 became dependent not only on
the clinical guidelines and guidance of medical
organizations but also on the individual providers'
opinions and perspectives. It provided a unique
opportunity to observe and measure the providers' care
decisions in case of uncertainty. Second, discourse on
HCQ was voluminous as it has been one of the most
popular and controversial topics of discussion during
the recent pandemic (Frenkel et al., 2020). As time
passed, the discussion changed, with various viewpoints
becoming popular at various times. This offered a
chance to observe the impact of social media on
healthcare professionals' decisions regarding HCQ, both
when the popular stance was in favor and against it.
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Third, social media platforms like Twitter have become
an important resource for monitoring, understanding,
and observing patients in real-time as they have become
the platform of communication for patients to share their
experiences and opinions, especially in case of rare
diseases (Huang et al., 2019; Yan & Tan, 2014). So,
analyzing the discourse may provide insights regarding
the patient’s perspectives in that geolocation.

The US was chosen as the geographical context of
interest to study the impact of Twitter discourse on
medication usage for two reasons. First, unlike most
initial countries that supported using the HCQ for
COVID-19, HCQ is unavailable over the counter. It
requires a provider’s prescription to access the drug.
This provides an opportunity to observe and measure
social media's role in providers' drug-prescribing
behavior. Second, the discourse regarding the drug's
effectiveness in the USA continued long past the World
Health Organization's (WHO) advisory to avoid using
the drug to treat COVID. Thus, we examine the
influence of Twitter discourse on using HCQ for treating
COVID-19 patients on the proportion of HCQ
prescriptions in different states of the USA.

3. Methodology

To achieve our research objective, we employed a
multi-method approach to create and analyze our panel
data. We initially collected the prescriptions of HCQ to
COVID-19 patients’ data from the “Symphony Health
dataset” available through the “COVID-19 Research
Database” and tweets from Twitter API V2. We
employed several natural language processing
techniques, to clean and preprocess the collected tweets.
We utilized a mixed-method approach of manual coding
and machine learning to determine the relevance of the
tweets to the analysis and the stance of the tweets
regarding using HCQ for treating COVID-19 patients.
We also utilized a mixed-method approach of manual
coding and natural language processing iteratively to
determine the geolocation of tweets at the state level. We
then created our panel data by integrating the
prescription and tweet data at the state and week level
and employed econometric modeling to analyze our
panel data. We provide a detailed description of the
different approaches employed in data creation,
preprocessing, and analysis in this section.

3.1. Data

3.1.1. Symphony health dataset. Symphony Health is
a leading provider of high-value data for
biopharmaceutical manufacturers, healthcare providers,
and payers. The company helps clients understand
disease incidence, prevalence, progression, treatment,

and influences along with the patient and prescriber
journeys by connecting and integrating a broad set of
primary and secondary data. Symphony Health derived
data improves health management decisions and helps
clients drive revenue growth while providing critical
insights on how to adapt to the changing healthcare
ecosystem effectively. The data has extensive coverage
of markets, including 92% of retail pharmacy claims,
71% of mail-order pharmacy claims, and 65% of
specialty pharmacy activity of more than 280 million
patients, 1.8 million prescribers, and 16,000 health
plans.

We initially collected all the patients diagnosed
(ICD10 diagnosis code: U07.1- Code for COVID-19
diagnosis) from the Symphony database. Next, we
collected all the patient's prescribed
Hydroxychloroquine (HCQ) and chloroquine (CQ)
using the Drug National Drug Code (NDC) from
January 2020 to September 2021. We then integrated the
COVID-19 patient data with the patients prescribed the
medication to determine the COVID-19 patients
prescribed HCQ. We excluded COVID-19 patients who
had been prescribed the drug more than four weeks after
their diagnosis or test or before their diagnosis or test.
Finally, we excluded patients with a history of HCQ use
before 2020 and patients refilling their prescriptions
after the initial refill (refill code-00) based on the
prescription refill code. Due to missing data, we
considered the initial prescription fill date as the date the
prescription was ordered by the physician.

Next, based on the prescription fill date, we
estimated the distinct number of COVID-19 patients
prescribed HCQ in a zip code in a day and aggregated
the data to the state and week level (based on the initial
fill date of the prescription). We had access only to the
2-digit zip codes of the patients in the data to protect
patients' privacy. Hence, while aggregating the data at
the state level, we made minor assumptions while
assigning the states to zip codes. For example, we
considered patients from zip codes 37 & 38 to belong to
Tennessee and 39 to Mississippi. Finally, we estimated
the proportion of the COVID-19 patients prescribed the
drugs HCQ/CQ to the total number of COVID-19
patients in a state in the week in the symphony dataset.
We made similar adjustments in the Twitter data when
required.

3.1.2. Twitter dataset. We initially collected
14,802,517 million tweets from January 2020 to
December 2020 using the academictwitteR package in
R (Barrie & Ho, 2021). The tweets were collected from
Twitter API v2, which had access to the full archive of
tweets using keywords such as —
“Hydroxychloroquine”,  “chloroquine,”  “HCQ,”
“Plaquenil,” and “hydroxy”. Next, we identified
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English language tweets (all tweets, including replies,
quotes, and retweets) based on the language attribute of
the Twitter Data. There are around 10,596,276 million
English-language tweets. We then segmented the
English-language tweets as retweets and tweets.
Retweets are tweets starting with the letter “RT”. There
are 8,427,051 retweets in our sample and 2,169,253
tweets. All other tweets, such as replies and quoted
tweets, were included in the tweets data.

Using manual coding and machine learning
classification models, we identified 2,093,375 relevant
tweets (Tweets that discuss using HCQ for treating
COVID-19 either directly or indirectly). We then
applied a similar procedure to determine tweets' stance
regarding using HCQ for treating COVID-19 patients.
Next, we determined the geographic location of the
tweets at the state level by employing several natural-
language preprocessing techniques iteratively. For
instance, we used packages such as “Spacy” in Python
for named entity recognition in the text to identify
geographical entities such as countries and cities (GPE
and LOC) and then determined the location of the tweets
at the state level. In several iterations, we have manually
coded the geolocation of some of the tweets as required.
We could identify the geolocation of only 960,251
tweets at the USA state level. In the final step, we
aggregated the tweet data to the state-week levels and
integrated it with medication data. We excluded the
states with more than 10% missing values in the tweet
or medication datasets from our final data. Our final
panel data has a balanced structure with less than 10%
of missing values, 34 groups(states), and 42 time
periods(weeks) and includes 886,493 tweets.

3.2. Variables

3.2.1. Dependent variable. Our objective in this paper
is to explore if the provider’s decisions are influenced
by social media discourse on Twitter. Hence, the
dependent variable is the ratio of COVID-19 patients
getting HCQ to the number of COVID-19 patients in
state i in week t.2

3.2.2. Independent variables. The topical discourse on
Twitter has two characteristics that can influence
providers’ decisions—the volume of the discourse and
the users' stance. The first characteristic is the volume
of the discourse. Previous literature indicates that the
volume of social media discourse could be a proxy for
the popularity of the topic (Ren et al., 2022). On Twitter,
the increase in the volume of discourse could increase
the number of users engaging with the discourse and

2 Please note that the total number of COVID-19 patients is based on
the database, similar to the number of COVID-19 patients prescribed
HCQ.

likely to be influenced by it. However, a competing
argument could be that excessive discourse with
differing opinions could overwhelm the engaging
patients or providers and negatively affect their
decisions. We operationalize the volume of tweets as the
total number of tweets in a state i in week t to test the
effect of the influence of volume on the proportion of
prescriptions. We applied a logarithmic transformation
to the tweets' volume to accommodate the variable
skewness (as shown in Table 1) and mitigate the effect
of any outliers (Xia, 2011).

The second characteristic is the tweet's stance
regarding HCQ use for treating COVID-19 patients. For
example, the stance of the following tweet is positive:
“You political doctors have not been saving lives but
murdering by  blocking cures #ivermectin &
#HydroxyChloroquine, by giving no or wrong early
treatments, by promoting the toxic jabs, and by
knowingly not reporting those killed or injured by the
toxic jabs. . Users are more likely to share information
that confirms their stance, viewpoints, and beliefs due to
confirmation bias, influencing the number of users
likely to engage with the information. We operationalize
tweets' stance towards using HCQ using machine
learning and manual techniques. Our variable
measuring stance ranges from 1 to 3, where 1 is
negative, and 3 is the positive stance toward using HCQ
for treating COVID-19.

3.2.3. Control variables. On Twitter, the visibility of
tweets determines the number of people likely to engage
with the discourse and be influenced by it. The visibility
of a tweet depends on the number of followers of the
user and the people mentioned in the tweet. When a user
tweets, it is visible in the timeline of the followers of the
user and the users mentioned in the tweet. Hence, to
control the visibility of tweets, we use
“(average number of user followers);”,

“(average number of user mentions in a tweet);;
" as control variables in our model. We log-transformed
the variables to account for the skewness of variables.
Due to the Twitter algorithm, the tweet's popularity
determines its rank in the user timeline and visibility.
Hence to control the popularity of tweets, we included
the mean ratio of the number of retweets to the number
of likes at the state-week level as another control
variable. We control for the density of the words in the
tweets by including
"(average word density of tweets);;” as a control

E2]

3 https://twitter.com/xbillwu/status/1587761421793771522
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variable similar to Wang et al. (2022) and Kumar et al.
(2022)*.

3.2.4. Summary statistics of variables. In Table 1, we
present the summary statistics of our dependent,
independent, and control variables.

Table 1. Summary statistics of variables

Num Stand
Variable bef Mean ard . Minim | Maxi
of Devia | um mum
Obs tion
Proportion
of 1360 | 0.01 0.02 0 0.18
Prescriptions
r"l“mi of | 148 | 62079 | 13225 | 4 15297
weets 9
Stance of 1428 | 012 | 023 2066 |08
tweets
Average
number of 18571. | 44345. 76211
user 1428 60 30 285.14 5.90
followers*
Average
number of | y4pg | 168 | 088 | 048 | 10.86
user mentions
in a tweet*
Average
word density | 1428 | 6.94 0.34 5.45 11.01
of tweets*
Average
popularity 1428 | 0.23 0.10 0 1.15
of tweet*
Note: Variables indicated with * are log-transformed in the
econometric model

4. Econometric Model

To examine the influence of Twitter discourse on
HCQ medication prescriptions, we estimate the
following econometric model:

Proportion of prescriptions;; = f, +
BiLog(Volume * Average stance);;_, +
B,Log(Volume);;_, + B3 Average stance;;_, +
BZit—z + i+ pe + & — [1]

To summarize, our main dependent variable is the
proportion of HCQ prescriptions for COVID-19 patients
in time (t) in a state (i). We regress this measure on (1)
the volume of tweets (total number of tweets) in a state
(i) (2) the average stance of tweets in a state (i), and (3)
the interaction of volume and stance of tweets in the
state (i) at time period t —2. The variable Z;_,
measures the effect of control variables mentioned in the
variables subsection of the methodology section. The
variable «; represents state-fixed effects that control

4 We also control for the interest of people in the topic by using the
average trend of searches on Google by the users in a state in a week

time-invariant unobserved heterogeneity. The variable
u; represents week-fixed effects controlling for week
idiosyncratic differences. In our econometric model, we
lag all our independent variables to account for reverse
causality and simultaneity bias, similar to (Peng & Dey,
2013). We lagged our independent variable by two time
periods as tweets require time to propagate, manifest,
and influence the behavior (Venkatesan et al., 2021).

5. Data analysis and results

Given the longitudinal nature of our data, we
employ panel data analysis. We estimate two-way fixed
effects (FE) and autocorrelation-corrected fixed effects
panel regression models, which account for state fixed
effects (a;) and week fixed effects variable 1, to control
time-invariant individual heterogeneities as well as
time trends. We estimate with clustered standard error
at the state level that allows a fully general structure
with respect to heteroskedasticity and serial correlation
in the model (Arellano, 1987). We checked for serial
correlation using Stata’s XTSERIAL command
(Drukker, 2003). The results indicated a first-order
correlation in our data (p<0.05). Hence, we estimate the
autocorrelated two-way fixed effects model, as
autocorrelation-corrected two-way fixed effects lead to
more efficient parameter estimates (Cameron &
Trivedi, 2022). The Autocorrelated two-way fixed
effects model first transforms to eliminate the effect of
first-order serial correlation (AR (1)) error and then
transforms again, estimating mean difference to
eliminate the individual effect (Cameron & Trivedi,
2022). For the normality, we log-transformed the main
independent variable to accommodate their skewness
(Xia, 2011). Columns 1 and 2 in Table 2 show the
results of our two-way fixed effects model and
Autocorrelation fixed effects model.

In Table 2, we present the results of our FE and
autocorrelation-corrected FE panel regression models.
The result of the fixed effects model (1) indicates that
volume has a significant negative influence on the
proportion of HCQ prescriptions. A 100 % increase in
the number of tweets leads to a decrease in the
proportion of prescriptions by 0.006. Model 1 also
indicates that the interaction of volume and stance has a
slightly significant positive influence on the proportion
of HCQ prescriptions for COVID-19 patients. A 100%
increase in the number of tweets with a positive stance
leads to an increase in the proportion of prescriptions by
0.001. The result of the autocorrelation-corrected two-
way fixed effects model (2) is similar to the fixed effects
model with a slight variation in the coefficient of the

based on Google trends data. However, the variable was excluded due
to multicollinearity.
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variables. In Model 2 also, the volume has a significant
negative influence on the proportion of HCQ
prescriptions. A 100 % increase in the number of tweets
leads to a decrease in the proportion of prescriptions by
0.004. The interaction of volume and stance has a
slightly significant positive influence on the proportion
of HCQ prescriptions for COVID-19 patients, with a
100% increase in the number of tweets with a positive
stance causing an increase of 0.001 in the proportion of
prescriptions. The results in models 1 & 2 also indicate
that the stance of the tweets has a slightly negative
influence on the proportion of HCQ prescriptions.

The FE and Autocorrelated FE models are
potentially subject to endogeneity issues due to omitted
variables. Addressing this issue is crucial to ascertain
the wvalidity of our results. To account for the
endogeneity issues, we constructed instrument
variables for our main independent variables named
Peersvolume;;_,, Peersstance;;_,,
Peersvoluemstance;;_;.

Following Saifee et al. (2019) and, Bramoull¢ et al.
(2009), we constructed our instrumental variables by
estimating the average volume(stance) of tweets across
states of the USA. Here, peer states refer to states other
than the state under analysis, and the focal state is the
state under analysis.

Table 2. Results of Influence of Tweets Volume
and Stance on Proportion of HCQ Prescriptions

Dependent Proportion of HCQ Prescriptions
Variable for COVID-19 Patients
Autocorrel
Tivo—Way ation 1 nstru{n ent
Models Fixed Corrected | al Variable
ode
Effects qu— Way (Second
Fixed Stage)
Effects
@ 2 3
Log(Volume );;_, 0.001* 0.001** 0.001**
* Average Stance;;_, (0.0008) (0.0007) (0.0007)
Log(Volume), -0.006** -0.004** -0.004**
it-2 (0.0027) (0.0019) (0.0020)
Average Stance, -0.007* -0.009* -0.005
it-2 (0.0035) (0.0036) (0.0032)
Observations 1323 1289 1255
R-squared 0.76 0.57 0.01
Number of states 34 34 34
State FE Yes Yes Yes
Week FE Yes Yes Yes
Cragg—Donald Wald F 10ct11
statistic
Kleibergen-Paap rk
Wald ngtatisticp I1etl
Note: 1. Clustered standard errors in parentheses
2. *¥** p<0.01, ** p<0.05, * p<0.1

The rationale behind these I'Vs is that the tweets and
stances of users in another state could affect the tweets

and stances of users in the focal state. However, it is
unlikely to affect prescriptions directly. Two
assumptions must hold for this instrument to be valid.
First, the social media discourse (volume, stance,
volume, and stance) between the peer and focal states
should be correlated. The first assumption holds because
the discourse from one state is influenced by the
discourse from other states in a global social media
platform like Twitter. The statistical relationship
between the instrumental variable and the endogenous
variables is found to be significant (Vol - p<0.00; stance
- p<0.00; Vol*stance - p<0.00), and a high first-stage F-
statistic (8.3e+11, 1.6e+12, 3.5e+12) suggests that the
instruments are not weak. Second, the proportion of
prescriptions in the focal state should be influenced by
the peer states only through the focal state's discourse.
We argue that the second assumption is reasonable in
our context. Since there was limited mobility during
COVID-19, the patients received prescriptions from
providers within the state (excluding telemedicine
channels across states). Therefore, ideally, patients from
within the state can only make requests from the
providers to prescribe the medication. Hence, tweets
from other states can influence the provider's decisions
only by influencing the users' stance in that state and not
directly.

Our model is just identified; as a result, we are
incapable of assessing any overidentifying restrictions.
We assess the relevance criterion (i.e., instrument
strength) by considering the Cragg-Donald Wald F
statistic (1.0e+11), which is well above the most
stringent Stock-Yogo critical value (Stock & Yogo,
2005). We present the results of the second stage of our
instrumental variable analysis in column 3 of Table 2.
The results in column 3 are similar to the fixed effects
and autocorrelation-corrected models in columns 1 and
2 of Table 2. The results indicate that volume has a
significant negative influence on the proportion of HCQ
prescriptions. Specifically, the results indicate that a 100
% increase in the volume (number of tweets) of tweets
leads to a decrease in the proportion of prescriptions by
0.004. The results also indicate that the interaction of
volume and stance has a significant positive influence
on the proportion of HCQ prescriptions for COVID-19
patients. A 100% increase in the number of tweets with
a positive stance leads to an increase in the proportion
of prescriptions by 0.001.

Based on the results of the models in Table 2, we can
infer the following. First, the volume has a robust
significant negative effect on the proportion of HCQ
prescriptions. The results also indicate that the overall
discourse has a positive influence on the proportion of
prescriptions. That is, the increase in the volume of
tweets with a positive stance regarding the medication
is causing an increase in the proportion of prescriptions,
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indicating the increasing influence of Twitter discourse
on medication prescription decisions during COVID-19.
Though not robust, the results in columns 1 and 2
indicate stance has a slightly significant negative
influence on the proportion of HCQ prescriptions
prescribed to COVID-19 patients.

6. Discussion

With the increase in the adoption of social media by
HCPs, it is critical to understand its influence on their
care decisions. While prior research has focused on
social media’s influence on patients' care behavior and
decisions, our study focuses on the influence of social
media on HCPs’ decisions. To understand the influence,
we empirically examined the influence of Twitter
discourse regarding HCQ for treating COVID-19
patients on the actual proportion of prescriptions in the
USA through econometric analysis. To control for the
influence of the complex interplay of factors that could
have influenced the providers' decisions, we employed
several control variables in our econometric models and
performed several robustness checks.

Our results indicate that the volume has a robust and
significant negative influence on the proportion of
prescriptions. Though not robust across the models, the
results also indicate that stance has a significant
negative influence on the proportion of HCQ
prescriptions. There are three possible reasons why the
volume and stance of the discourse could have a
significant negative effect on the prescription. First, the
proportion of tweets with a negative stance could be
high, leading to a negative influence on the proportion
of prescriptions. However, our analysis indicates that
the proportion of positive and negative tweets is very
similar (46.01% - positive, 41.05% - negative, and
12.94% - neutral). The second reason could be that the
increase in the volume may have increased the
ambiguity of the users engaged with the discourse.
Under such uncertain situations, HCPs may have been
more cautious in prescribing the discussed medication
as its efficacy and impacts are unclear. The third reason
could be that tweets with a negative stance were more
influential than tweets with a positive stance.

Our results also indicate that the interaction of
volume and stance representing the overall discourse of
social media has a significant and robust positive
influence on the proportion of prescriptions. The higher
the number of tweets with a positive stance, the higher
the likelihood of influencing provider decisions. The
reason for this might be that when there are more tweets,
users are more likely to see and trust the content. Hence,
the higher the number of tweets with a positive stance
the higher the likelihood of users trusting in the efficacy
of the drug.

There are two potential pathways through which
Twitter discourse could have influenced HCPs'
behavior. First, Twitter may have influenced provider
behavior directly through provider engagement.
Literature indicates that social media platforms such as
Twitter can influence engaging users through
information persuasion (Goh et al., 2013) or peer
influence (Borst et al., 2018). Second, Twitter could
have indirectly influenced provider behavior through
patient engagement with Twitter. Research suggests that
platforms like Twitter, through their informational
support, encourage patients to be active and assertive in
shared decision-making with healthcare providers
(Benetoli et al., 2018). The extant theories and models
of prescribing medications based on elaboration
likelihood models explain that due to social norms and
to maintain their relationship with patients, physicians
tend to be influenced by patients' requests for specific
drugs (Murshid & Mohaidin, 2017; Raisch, 1990). By
influencing and engaging patients and encouraging
them to actively request a specific drug through its
informational support, Twitter could have indirectly
influenced the provider's prescribing decisions. Hence,
in our context, the Twitter discourse could have
influenced the provider's prescription decisions through
information persuasion or patients’ social influence
(Murshid & Mohaidin, 2017), or peer influence (Borst
et al., 2018). Hence, the more users support a stance and
publicly show their support through their tweets, the
higher the likelihood of the tweets influencing other
users, leading to an increase in the proportion of HCQ
prescriptions prescribed to treat COVID-19 patients in
the USA in 2020.

7. Contributions

7.1. Research contributions

Our study contributes to two distinct research
streams. It contributes to the physician-centric research
stream of social media in healthcare literature because it
is among the first to examine the influence of social
media discourse on providers' care decisions. We
combine machine learning and statistical and
econometric methods to evaluate the impact of Twitter
discourse on providers' care decisions. Our approach
goes beyond an empirical analysis. Based on the
literature, we also discuss the different pathways of
influence on providers' decisions and explain why and
how they are more likely to be influenced, contributing
to the literature. Our study also contributes to the
patient-centric research stream of social media in
healthcare literature by explaining the implications for
healthcare providers due to patients’ social media
engagement.
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We also contribute to the literature on applying deep
learning and machine learning methods to assess and
extract information from user-generated unstructured
data. We synthesized a framework of mixed methods
that permits the automation of information extraction in
the future. We employ different approaches to extract
information from the text regarding the user's stance
(tweets) and the possible geolocation of the user in the
USA at the state level (tweets, user profile description,
user profile location). Utilizing a mixed method
approach combining manual and machine learning
methods has shown great promise in the required
information extraction and contributed to superior
performance than the conventional machine learning
approach and contributed to the robustness of our
research. Also, through our study, we showcased how
the actual stance of the user regarding the topic of
interest is an important factor to consider while
analyzing textual information.

7.2. Practical contributions

With the growing importance of social media in
healthcare, our study offers several contributions to
practice. First, from prescribing HCQ, Remdesivir, and
Ivermectin for COVID-19 patients to prescribing
Ozempic, a diabetic drug for non-diabetic patients for
weight loss, there has been a plethora of anecdotal
evidence of social media like Twitter and TikTok
influencing the medication prescription decisions of
providers. We are the first study to examine and
demonstrate this phenomenon through rigorous
analysis. Understanding the possible impact of social
media engagement on providers offers several policy
implications for generating and utilizing healthcare
resources. Healthcare organizations or users generating
health information should provide accurate information
and proof to disprove any perpetuating misinformation.
Providing preapproved, trusted online sources for
information may mitigate the effects of any
misinformation. However, care must be taken to avoid
overwhelming patients or providers with information, as
it could generate counterproductive results.

Second, social media platforms like Twitter and
Facebook have recently been trying to flag and remove
misinformation. Considering the growing influence of
social media in healthcare, health policymakers, and
public health officials could consider working with
platform officials to mitigate misinformation, especially
during public health emergencies and pandemics such
as the recent COVID-19.

Third, prior research for assessing the textual
information primarily relies on the sentiment derived
from the automatic natural language processing
logarithms such as VADER. However, we

operationalized a scalable approach based on a mixed
method of human annotation and machine learning
approaches to determine the topical stance of the user,
thereby overcoming any unacknowledged bias in the
algorithms.

8. Limitations

Our study has several areas for future improvement.
First, we could only perform state and week-level
analysis due to data availability constraints. We could
not include the characteristics of patients or providers in
our models. Future research could examine the
influence of various patient and HCP characteristics,
such as demographics, socio-economic factors,
experience, and training of providers, to develop an in-
depth understanding of who are more likely to be
influenced by social media discourse. Second, due to
privacy constraints, we only had access to the two-digit
zip codes of the patients prescribed the medications.
Hence, we had to make minor assumptions while
aggregating the data at the state level. The assumptions
could have led to a small margin of error in our results.
Third, despite a sizeable Spanish-speaking population in
the USA, we included only English-language Tweets
(71.5% of total tweets in our data) in our analysis.
Future research could expand the models to include
tweets from all languages. Fourth, in our study, we only
consider the influence of Twitter and not other social
media platforms like WhatsApp, Reddit, and TikTok
that did essay a key role in spreading information during
the pandemic due to data limitations. Our results hence
represent only the lower bound values of the influence
of social media platforms on providers' decisions.
Future research can compare and contrast the magnitude
of the influence of different social media platforms on
healthcare decisions and behaviors to empirically
develop a comprehensive understanding of the
phenomenon. Also, though external factors such as
negative media publicity and guidance from
professional organizations could have influenced the
prescriptions, we could not account for it in our analysis
as they were eliminated due to multicollinearity with the
time-fixed effects in our models.

Fifth, in our study, we were unable to study if the
prescription decisions persist even in the absence of
Twitter. Future research can compare the effect on the
prescriptions in the presence and absence of social
media platforms like Twitter to better understand if they
are amplifying or mitigating the influence of word-of-
mouth or social influence on the prescribing decisions
of HCPs. Sixth, our study uses a mixed-method
approach to predict the relevance and stance of tweets
and the user's geolocation. Though we have strived to
ensure the accuracy of our predictions, there is a scope
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for improvement. A more accurate and sophisticated
text analytic framework for analyzing social media data
can automate the utilization of social media data in
future research and enable researchers to gain deeper
and more accurate insights into the behavior and
attitudes of patients and providers. Future work could
refine the integrated framework to create an even more
accurate machine learning framework by further tuning
the algorithms and NLP processing models by utilizing
the newer methods in text mining.

Seventh, in our study, though we established a
statistically significant relationship between the two
phenomena and explained the mechanisms of how
Twitter can influence prescriptions, we were unable to
prove a causal relationship between Twitter and
prescriptions with the design of our study. Finally, in our
study, we explain the possible mechanisms of how
social media discourse can influence the provider's
decisions. However, since we considered the overall
discourse and did not distinguish HCPs and patients, we
could not empirically tease out the direct and indirect
effects in our study. Future research could probably
disentangle the mechanisms to determine the most
prominent path of influence.

9. Conclusion

In this study, we synthesize deep learning and
econometric methods to empirically examine the
influence of Twitter discourse on providers' decisions to
prescribe HCQ to COVID-19 patients since our
objective was to develop an in-depth understanding of
social media influence on providers' care decisions. To
achieve our objectives, we collected the medication
prescriptions of HCQ and Twitter discourse regarding
HCQ and COVID-19 and applied a mixed-method
approach to extract the relevant tweets, their stances,
and the users' geolocation through machine learning and
manual annotation. Then, through econometric analysis,
we examined the influence of the characteristics of
Twitter discourse on the proportion of prescriptions. Our
findings have implications for healthcare professionals
and policymakers and IS researchers.
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