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Abstract

Background: The COVID-19 pandemic has necessitated a rapid shift in how individuals interact with and receive fundamental
services, including health care. Although telemedicine is not a novel technology, previous studies have offered mixed opinions
surrounding its utilization. However, there exists a dearth of research on how these opinions have evolved over the course of the
current pandemic.

Objective: This study aims to evaluate how the language and sentiment surrounding telemedicine has evolved throughout the
COVID-19 pandemic.

Methods: Tweets published between January 1, 2020, and April 24, 2021, containing at least one telemedicine-related and one
COVID-19–related search term (“telemedicine-COVID”) were collected from the Twitter full archive search (N=351,718). A
comparator sample containing only COVID-19 terms (“general-COVID”) was collected and sampled based on the daily distribution
of telemedicine-COVID tweets. In addition to analyses of retweets and favorites, sentiment analysis was performed on both data
sets in aggregate and within a subset of tweets receiving the top 100 most and least retweets.

Results: Telemedicine gained prominence during the early stages of the pandemic (ie, March through May 2020) before leveling
off and reaching a steady state from June 2020 onward. Telemedicine-COVID tweets had a 21% lower average number of retweets
than general-COVID tweets (incidence rate ratio 0.79, 95% CI 0.63-0.99; P=.04), but there was no difference in favorites. A
majority of telemedicine-COVID tweets (180,295/351,718, 51.3%) were characterized as “positive,” compared to only 38.5%
(135,434/351,401) of general-COVID tweets (P<.001). This trend was also true on a monthly level from March 2020 through
April 2021. The most retweeted posts in both telemedicine-COVID and general-COVID data sets were authored by journalists
and politicians. Whereas the majority of the most retweeted posts within the telemedicine-COVID data set were positive (55/101,
54.5%), a plurality of the most retweeted posts within the general-COVID data set were negative (44/89, 49.4%; P=.01).

Conclusions: During the COVID-19 pandemic, opinions surrounding telemedicine evolved to become more positive, especially
when compared to the larger pool of COVID-19–related tweets. Decision makers should capitalize on these shifting public
opinions to invest in telemedicine infrastructure and ensure its accessibility and success in a postpandemic world.

(J Med Internet Res 2021;23(6):e28648) doi: 10.2196/28648
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Introduction

The COVID-19 public health crisis has transformed how
individuals interact with critical services. This is particularly
true of health care systems, which have been overwhelmed by
patients with COVID-19 in both inpatient and intensive care
units [1]. The sudden disruption in the ability to receive medical
care has had widespread consequences for millions of
Americans, and a survey by the US Centers for Disease Control
and Prevention estimated that 40.9% of adults have delayed
receiving medical care (including both emergency and routine
care) due to concerns surrounding COVID-19 [2]. The new
burdens placed on health care systems by the global pandemic
have demonstrated the urgent need for the implementation of
technologies to facilitate enhanced connectivity between patients
and providers.

Telemedicine, defined as the delivery of health care services
through electronic, audiovisual telecommunication systems, is
not a novel concept—in fact, it has proven to be successful
across a myriad of health domains [3]. The increased use of
telemedicine during an emergency situation is also not new,
and an increased uptake of telemedicine technologies has been
observed during local, national, and international crises [4]. The
implementation of telemedicine during a global pandemic is of
particular value—not only can it be used to screen, diagnose,
and triage patients from the comfort of their own homes, but it
can also limit the need for physicians to use personal protective
equipment that may be in low supply, facilitate rapid follow-up
with diverse patient populations (particularly older patients or
those living in a rural environment), reduce exposure to the
infectious agent, and decrease the risk for intrahospital infection
[5,6].

Despite its promise, prepandemic uptake of telemedicine in the
United States was limited largely due to a lack of physician
acceptance, stringent and heterogeneous licensing and
reimbursement policies, and the upfront monetary costs of
investing in the necessary infrastructure [4,5]. Nevertheless,
shifts in policies in the peripandemic period have led to a surge
in the uptake of telemedicine technologies. After the US Centers
for Medicare & Medicaid Services revised their telemedicine
reimbursement policies to include over 135 services (including
emergency department visits, inpatient and nursing facility
visits, and “discharge day management services”), over 36% of
Medicare beneficiaries received at least one telemedicine
service. Similarly, Medicaid and the Children’s Health Insurance
Program reported a 2600% increase in the use of telemedicine
services in March through June 2020 compared to the same
period in 2019 [7]. Thus, there exists a clear demand for
heterogeneous patient populations to receive care digitally.
However, these utilization metrics may not directly correlate
to patient satisfaction, willingness to engage in telemedicine,
or their ability to do so. Thus, additional work is needed to
quantify patients’ perceptions of the enhanced accessibility of
telemedicine services.

Social media has increasingly been used as a surveillance tool
by public health researchers to answer diverse health-related
questions, including detecting disease outbreaks, situational

awareness of humanitarian crises (such as natural disasters),
and understanding a population’s reaction towards certain
messaging or events [8]. This is particularly vital during an
ongoing public health pandemic, wherein social media can
provide insights more rapidly than traditional data collection
methodologies such as surveys [9]. One of the more commonly
used social media platforms for this purpose is Twitter, owing
to the abundance of daily content and the widespread (although
not necessarily representative) demographic reach of this
platform [10]. A previous study evaluating telemedicine
discourse on Twitter during the COVID-19 pandemic has
identified distinct user networks that bridge content domains
and user types (including educational, promotional, and political
materials) [11], whereas another study found that the geographic
distribution of telemedicine tweets in the United States was
significantly correlated to the number of confirmed COVID-19
cases within a state [12]. However, both studies only evaluated
a 1- to 2-week period, leaving a gap in understanding how
conversations surrounding telemedicine may have changed over
the course of the pandemic.

Furthermore, neither study considered the sentiment content of
the tweets, which could provide more precise insights into how
Twitter users perceive telemedicine. A separate evaluation of
the sentiment of telemedicine-related tweets within a
subpopulation of health care providers found overall positive
opinions that focused on safety, accessibility, and
implementation strategies [13]. However, because this study
only focused on providers, there exists a dearth of research on
the sentiment toward telemedicine expressed by the general
Twitter population. Thus, the purpose of this study was to
characterize how the content of telemedicine-related tweets has
evolved during the COVID-19 pandemic, with a particular focus
on changes in sentiment types. It was hypothesized that the
frequency of telemedicine-related content on Twitter increased
throughout the COVID-19 pandemic and that the sentiment of
tweets became more positive across this period.

Methods

Data Collection
The characterization of telemedicine content in relation to
COVID-19 was evaluated across 4 components of tweets: the
number of favorites and retweets, language used within the
tweet, sentiment of the tweet, and authorship. Tweets in English
language posted between January 1, 2020, and April 24, 2021,
containing at least one of a series of telemedicine-related terms
and at least one of a series of COVID-19–related terms were
curated from the Twitter full-archive search available via the
Academic Research product track [14]. Search terms were
derived from the literature and the Medical Subject Headings
thesaurus established by the National Library of Medicine
(NLM) of the National Institutes of Health (NIH) (Multimedia
Appendix 1) [11,15]. A random sample of tweets containing
only COVID-19–related terms was extracted for the same period
for comparison with the distribution of sampled tweets matched
with the daily distribution of telemedicine-related COVID-19
tweets. No geographic restrictions regarding the location of the
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tweet were implemented, and all tweets beginning with “RT
@” (indicating retweet status) were removed prior to analysis.

Text Processing
Standard natural language processing preprocessing procedures
were performed prior to textual analysis of the tweets. First,
links, mentions, hashtags, and HTML escape characters were
removed from all tweets. Next, tweet-level sentiment was
calculated using the Valence Aware Dictionary and sEntiment
Reasoner (VADER), which was designed specifically for use
on a social media corpus and has been validated in other
Twitter-based studies, including one on telemedicine [16,17].
In addition to the compound sentiment score, a categorical
sentiment was assigned to each tweet based on prespecified
cutoffs within the literature (ie, positive if the compound
sentiment was greater than 0.05, negative if the compound
sentiment was lesser than –0.05, and neutral if the compound
sentiment was between these values) [16]. After determining
the sentiment, other preprocessing included tokenizing and
lemmatizing the text and removing traditional English and
Spanish stop words. In addition, words with an inverse document
frequency in the 0.05th percentile were removed given their
high frequency across all tweets (eg, “covid19”). Other words
removed included non-English words (as determined by the
GradyAugmented dataset [18]), as well as words with alternative
connotations that may have skewed any analysis (eg, “trump”
could refer to the verb or the 45th President of the United States;
“patient” could refer to the adjective or a person receiving
medical treatment). This processing was performed for both
single words as well as bigrams (ie, two-word phrases) and
trigrams (ie, three-word phrases).

Author Analysis
In addition to evaluating all telemedicine-related COVID-19
tweets (“telemedicine-COVID”) relative to a general COVID-19
sample (“general-COVID”), the authors of tweets with the 100
most and the 100 fewest retweets were extracted and manually
labeled with a domain (eg, “news,” “political,” “health and
medicine”) and account type (ie, “organization” or “individual”).
Domains were created by reviewing the author description
information and, for verified users, confirming their identity
through an independent Google search. Individual authors who
represented a nonverified person were automatically labeled as
“private citizen,” whereas all organizations were labeled with
a domain regardless of the verification status. This process was
completed by one member of the research team for both the
telemedicine-COVID and general-COVID data sets to compare
outcomes within these tweet subpopulations. A second member
of the research team independently labeled 10% of the authors
as a “validity check” [19]. This subsequentially resulted in
Cohen κ=0.66 (percent agreement: 77.3%) for domain type and
κ= 0.75 (percent agreement: 86.4%) for the account type.

Statistical Analysis
A comparative analysis of retweets and favorites by month and
by data set (ie, telemedicine-COVID vs general-COVID) was
conducted using zero-inflated Poisson regression to
accommodate for the preponderance of tweets receiving no
favorites or retweets and the count nature of the outcome

variable. Sentiment analysis was also performed to assess the
distribution of positive, negative, and neutral tweets both overall
and by month and compared using chi-square tests. This analysis
was repeated to compare sentiment in the telemedicine-COVID
data set with that in the general-COVID data set. Chi-square
tests were also used to compare the distribution of sentiment
between the top 100 most and least retweeted posts both within
each data set and between them. All analyses were conducted
in Python (version 3.7.4) within the Jupyter Notebook graphical
user interface (GUI) (version 7.19.0) and R (version 3.6.3)
within the RStudio GUI (version 1.3.959). Code is available on
GitHub [20]; tweet IDs are available upon request. Given the
public nature of social media data, institutional review board
approval was not required as specified in Regulation 45 CFR
46 as authored by the US Department of Health and Human
Services Office for Human Research Protections [21].

Results

After removing duplicate tweets and retweets from analysis,
351,718 tweets related to telemedicine and COVID-19 were
used in the analytic data set (telemedicine-COVID). A sample
comparator data set (general-COVID) of 351,401 tweets was
collected with a similar daily distribution for comparison.

Telemedicine-COVID tweets spiked in the early stages of the
pandemic (eg, March 2020 to May 2020) before leveling off in
the following months (Figure 1). There were significant monthly
variations in the number of retweets of telemedicine-COVID
tweets (Figure 2). Retweets peaked in March 2020, with April,
May, July, September, October, and December 2020 and January
through April 2021 having significantly fewer retweets by
comparison (Table S1 in Multimedia Appendix 2). Tweets from
the telemedicine-COVID data set had a 21% lower average
number of retweets than tweets from the general-COVID data
set (incidence rate ratio [IRR] 0.79, 95% CI 0.63-0.99; P=.04;
Table S2 in Multimedia Appendix 2). In terms of favorites,
telemedicine-COVID tweets in April, May, July, August,
September, October, and December 2020, and tweets from
January through April 2021 had a significantly lower average
number of favorites than those in March 2020 (Table S3 in
Multimedia Appendix 2). Telemedicine-COVID tweets had a
14% lower average number of favorites than did general-COVID
tweets, but this value was not statistically significant (IRR 0.86,
95% CI 0.58-1.28; P=.45) (Table S4 in Multimedia Appendix
2).

When broken down by sentiment, the percentage of
telemedicine-COVID tweets with an overall sentiment of
positive or neutral generally increased over the period of interest,
whereas the percentage of negative tweets decreased (Figure
3). There were significant monthly variations in the percentage
of tweets with each sentiment (P<.001). The months with the
highest percentage of positive telemedicine-COVID tweets were
August 2020 (14,371/24,543, 58.6%), September 2020
(10,475/18,758, 55.8%), and March 2020 (19,851/36,478,
54.4%), whereas the months with the highest percentage of
negative tweets were February 2020 (453/1274, 35.6%), January
2020 (13/43, 30.2%), and January 2021 (3695/16,613, 22.2%).
There were also significant differences in the distribution of
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positive, negative, and neutral tweets between the
telemedicine-COVID and general-COVID data sets (P<.001;
Figure 4). Although sentiments were evenly distributed among
general-COVID tweets (38.5% positive, 31.4% neutral, and
30.0% negative), a majority of telemedicine-COVID tweets
(N=351,718) were positive (n=180,295, 51.3%), followed by

neutral (n=100,870, 28.7%). There were also significant
variations between data sets on a month-to-month basis for
March 2020 through April 2021, with a significantly higher
proportion of positive tweets in the telemedicine-COVID data
set relative to the general-COVID data set (Multimedia
Appendix 3).

Figure 1. Frequency of tweets mentioning telemedicine and COVID-19 between January 1, 2020, and April 24, 2021 (N=351,718).

Figure 2. Monthly variations in the base 10 log number of retweets for tweets mentioning COVID-19 and telemedicine. Note that 219,212 tweets
(62.2%) had no retweets and are not included in this visualization.
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Figure 3. Changes in the frequency of positive, negative, and neutral tweets mentioning telemedicine and COVID-19 posted between January 1, 2020,
and April 24, 2021 (N=351,718).

Figure 4. Variations in sentiment by tweet type (ie, telemedicine and COVID-19 vs COVID-19 only). A significantly higher proportion of tweets with
a positive sentiment was found in the telemedicine-COVID data set than in the general-COVID data set (P<.001).

Within the telemedicine-COVID tweet data set (N=351,718),
the most frequently used bigrams were “town hall” (n=1411,
0.40%); “white house” (n=848, 0.24%), “san diego” (n=757,
0.22%), “mask wearing” (n=670, 0.19%), “lessons learned”
(n=610, 0.17%), and “artificial intelligence” (n=562, 0.16%).
The most frequently used trigrams were “widespread mask
wearing” (n=385, 0.11%), “feeling helpless hopeless” (n=301,
0.09%), “fast track vital” (n=199, 0.06%), “cancer sooner

simply” (n=191, 0.05%), “thermal imaging cameras” (n=188,
0.05%), and “list refresh page” (n=176, 0.05%).

In contrast, within the general-COVID sample (N=351,401),
the most frequently used bigrams were “ill [sic] deliver”
(n=1195, 0.34%), “nursing homes” (n=693, 0.20%), “task force”
(n=597, 0.17%), “herd immunity” (n=563, 0.16%), “prime
minister” (n=508, 0.14%), and “town hall” (n=439, 0.12%).
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The most frequently used trigrams were “appointment detected
provider” (n=214, 0.06%), “personal protective equipment”
(n=205, 0.06%), “complete project chapter” (n=181, 0.05%),
“wall street journal” (n=101, 0.03%), “operation warp speed”
(n=68, 0.02%), and “midnight mm rain” (n=67, 0.02%). A word
cloud of unigrams is presented in Multimedia Appendix 4.

When broken down by authorship, the top 100 most retweeted
telemedicine-COVID tweets were predominantly authored by
politicians (20/93, 21.5%) and private citizens (20/93, 21.5%),
followed by journalists (14/93, 15.1%). Similarly, the top 100
most retweeted general-COVID sample tweets were
predominantly authored by private citizens (23/89, 25.8%),
journalists (16/89, 18.0%), and politicians (13/89, 14.6%). Of
the sample of tweets without any retweets, 82.8% (72/87) of
those from the general-COVID sample and 61.1% (55/90) from
the telemedicine-COVID sample were authored by private
citizens. There was a small subset of authors within each data
set that did not have available account information (7 authors
of the top 100 telemedicine-COVID retweets, 10 authors of the
bottom 100 telemedicine-COVID retweets, 11 authors of the
top 100 general-COVID retweets, and 13 authors of the bottom
100 general-COVID retweets). In terms of sentiment, of the
most retweeted tweets within the telemedicine-COVID data set,
54.5% (55/101) were positive and 30.7% (31/101) were
negative. In contrast, of the fewest retweeted tweets, 51.3%
(40/78) were positive and 19.2% (15/78) were negative (P=.03).
Within the general-COVID data set, 49.4% (44/89) of the top
retweeted tweets were negative and 33.7% (30/89) were positive.
This was not significantly different from the fewest retweeted
general-COVID posts (P=.16), but it was significantly different
from the most retweeted telemedicine-COVID tweets (P=.01).
The sentiment of the fewest retweeted general-COVID did not
significantly differ from the sentiment of the fewest retweeted
telemedicine-COVID tweets (P=.07).

Discussion

Principal Findings
To the best of our knowledge, this study is the first to
comprehensively evaluate tweets pertaining to telemedicine and
COVID-19 posted between January 2020 and April 2021
compared to a general COVID-19 data set. Analysis of retweets
and favorites suggested monthly variations in the “attention”
received by telemedicine-COVID tweets, and these tweets had
a significantly lower average number of retweets than the
general-COVID data set. Telemedicine-COVID tweets were
predominantly positive both overall and by month, especially
compared to the general-COVID data set. There were also
variations in the frequency and sentiment of tweets made by
entities in various domains, including private citizens,
politicians, and journalists, and a higher proportion of the most
retweeted tweets in the telemedicine-COVID data set were
positive than those in the general-COVID data set. The findings
presented here demonstrate how social media can be leveraged
to perform surveillance of shifting opinions surrounding critical
health technologies, including telemedicine.

The number of tweets that mentioned telemedicine and
COVID-19 drastically increased between February and March

2020, coinciding with the declaration of the COVID-19
pandemic by the World Health Organization on March 11, 2020
[22]. As stay-at-home orders continued throughout April and
May 2020, telemedicine became more prominent within the
COVID-19 dialogue on Twitter, and health systems began to
adapt to the use of this technology. Discussions surrounding
telemedicine decreased through June 2020 and remained
relatively constant thereafter, perhaps reflecting the achievement
of “steady state.” This leveling off coincides with previous
studies that have found that the weekly rate of telemedicine
consults in a Medicare population peaked in April before
declining in June 2020 [23].

As the volume of telemedicine-COVID tweets evolved, so did
the sentiment of these tweets. Over half of all months between
March 2020 and April 2021 had a majority of
telemedicine-COVID tweets labeled as positive, and all months
during this period had a significantly higher proportion of
positive tweets compared to the general-COVID data set.
Although this finding aligns with a study prior to the pandemic
that found a higher number of positive telemedicine tweets than
negative and neutral tweets, it contrasts with another study that
found that 59% of individuals were either unsure of telemedicine
or considered it subpar to traditional care delivery mechanisms
[17,24]. The positive results found in this study may be
reflective of increasing acceptance toward telemedicine—while
patients may have viewed telemedicine as just an alternative to
in-person care before the pandemic, telemedicine may now be
viewed as an alternative to no care whatsoever. This finding
aligns with recent patient surveys on their opinion of
telemedicine, which found that 79% of patients were “satisfied”
with their experience with telemedicine and 78% felt that they
had a health problem that could be addressed virtually [25].
Furthermore, increased positivity in the middle stages of the
pandemic (particularly in August and September 2020) reflects
the evolving understanding of the Twitter population that
reduced contact during a telemedicine visit can provide a safer
experience during a highly contagious disease outbreak. The
increase in positivity in this period in particular also corresponds
to the signing of the Executive Order 13941 on August 3, 2020,
which aimed to “improve rural health and telehealth access” to
Medicare beneficiaries during the postpandemic period [26,27].

The most followed accounts within both the
telemedicine-COVID and general-COVID data sets
predominantly consisted of journalists and politicians. These
groups present stark contrasts in content veracity—journalists
likely provide neutral content with minimal bias (depending on
the agency), whereas politicians likely share more polarized
content that reflect their own views. Prior work evaluating
tweets on telemedicine during the COVID-19 pandemic (but
not necessarily related to it) found that private citizens frequently
retweeted content from both sources, although politicians were
retweeted more frequently [11]. Thus, there is a chance that a
larger number of Twitter users’ opinions on telemedicine and
COVID-19 may be limited to “echo chambers” that reinforce
their own opinion and, in a worst-case scenario, spread
misinformation with deleterious consequences. However, the
fact that a majority of tweets within the telemedicine-COVID
data set were positive suggests that this may not necessarily be
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the case for tweets pertaining to telemedicine or other novel
technologies. Conjecturally, this may reflect that positive news
and experiences on telemedicine were amplified during the
COVID-19 pandemic, which could lead to more widespread
adoption and uptake of this technology.

Policy Implications
Telemedicine is the pinnacle “21st century approach” to deliver
convenient and less expensive care, and over 50 large US health
systems have integrated it into their standard operating
procedures [5]. Although the surge in telemedicine visits during
the early phases of the pandemic have waned to some extent,
evidence shows a high (but geographically variable) degree of
persistence of telemedicine, from 8% to almost 48% [23]. This
can likely be attributed to relaxations in policies that presented
major challenges to telemedicine uptake, including
reimbursement parity, interstate licensing, prescribing practices,
the use of Health Insurance Portability and Accountability Act
(HIPAA)-compliant technologies, and the definition of an
“originating site” (ie, where the patient is located), to name a
few [28,29]. The overwhelming and consistent positive nature
of conversations surrounding telemedicine on Twitter as
presented here, coupled with a surge in uptake throughout the
pandemic, demonstrate that diverse, heterogeneous populations
view telemedicine favorably, including patients, providers, and
politicians. These findings provide clear evidence for
policymakers that replacing restrictive policies with long-term,
systematic favorable toward telemedicine would be met with
support from numerous, diverse communities.

Limitations and Future Directions
Despite the promise of this study, it is not without its limitations.
Although the list of search terms was comprehensive and based
on prior literature, it may have missed tweets that used other
terminology to describe telemedicine-related services. Similarly,
it is possible that some of the included tweets may not have
directly been related to telemedicine. The analysis also does
not include telemedicine-related tweets that were made during

the study period that did not contain a direct mention of
COVID-19. Although this ensured that the data specifically
focused on the impacts of telemedicine as they related to
COVID-19, future work could analyze how telemedicine tweets
that directly mentioned COVID-19 varied from those that did
not during the same time. Furthermore, future work could
evaluate whether the trends observed in the varied from tweets
made during the same period in the prior year. In addition, the
present work does not include geospatial data, which has
previously been shown to be an influential component of tweet
sentiment [30,31]. Thus, future work could evaluate geospatial
variations in telemedicine sentiment, including whether it is
associated with uptake of the technology in local medical
facilities. In addition, only the top 100 most and least retweeted
posts were included in the author-level analysis, and future work
could expand on this to label more accounts, improve the
classification of labels (eg, labeling fewer accounts as “private
citizens”), or analyze only a subset of these accounts (eg,
politicians or “influencers”). Lastly, the Twitter population of
predominantly 18-24 years old, well-educated individuals is
not representative of a US or broader population [32]. Thus,
future work is needed to characterize the change in sentiment
within other populations, especially those that may not be
technologically literate and may therefore encounter barriers
when attempting to utilize telemedicine.

Conclusions
Opinions on telemedicine and COVID-19 on Twitter have
increased in popularity and were largely positive throughout
2020 and the beginning of 2021. These telemedicine-COVID
tweets were generally more positive than general-COVID tweets
both overall and within the subset of the most followed authors,
suggesting an amplification of discussion surrounding the
benefits of telemedicine. Given the relative positivity with which
individuals seemed to view telemedicine during the COVID-19
pandemic, shifts in policies stemming from the COVID-19
pandemic that support telemedicine are likely to be well
received.

Acknowledgments
This publication was supported in part by an NLM-funded predoctoral fellowship to CCP (5T32LM012204-05). This work was
also supported by National Cancer Institute (NCI) (grant P30CA023108-41S5). The contents of this work are solely the responsibility
of the authors and do not necessarily represent the official views of the NLM, NCI, or NIH.

Conflicts of Interest
None declared.

Multimedia Appendix 1
Telemedicine and COVID-19–related search terms used to select tweets.
[DOCX File , 14 KB-Multimedia Appendix 1]

Multimedia Appendix 2
Zero-inflated Poisson models.
[DOCX File , 26 KB-Multimedia Appendix 2]

J Med Internet Res 2021 | vol. 23 | iss. 6 | e28648 | p. 7https://www.jmir.org/2021/6/e28648
(page number not for citation purposes)

Pollack et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://jmir.org/api/download?alt_name=jmir_v23i6e28648_app1.docx&filename=032df8952735d339c780b5a00897e4b2.docx
https://jmir.org/api/download?alt_name=jmir_v23i6e28648_app1.docx&filename=032df8952735d339c780b5a00897e4b2.docx
https://jmir.org/api/download?alt_name=jmir_v23i6e28648_app2.docx&filename=2287afcf2a929091066582803296c02d.docx
https://jmir.org/api/download?alt_name=jmir_v23i6e28648_app2.docx&filename=2287afcf2a929091066582803296c02d.docx
http://www.w3.org/Style/XSL
http://www.renderx.com/


Multimedia Appendix 3
Sentiment variations between the telemedicine-COVID data set and the general-COVID data set by month.
[DOCX File , 11512 KB-Multimedia Appendix 3]

Multimedia Appendix 4
Word clouds for unigrams for telemedicine-specific COVID-19 tweets and general COVID-19 sample tweets.
[DOCX File , 1704 KB-Multimedia Appendix 4]
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