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Letter to the editor
Physical rehabilitation on social media during
COVID-19: Topics and sentiments analysis of
tweets
Dear Editor

Twitter is an interactive social media platform allowing users to
send messages of a maximum of 140 characters to one another.
Because of its easy accessibility with no cost, many health-related
organizations and independent users use Twitter to provide informa-
tion to and communicate with the public. The functions of hashtags
(#), retweets and following enable people with similar interests to
find each other and create communities.

Twitter users are the largest in the United States, followed by
Japan, India and the United Kingdom. In addition, younger people
and people with higher incomes often tend to use Twitter; the use is
not related to education or sex [1].

The coronavirus disease 2019 (COVID-19) has affected people’s
daily lives, and subsequently, the physical rehabilitation delivery sys-
tem because physical rehabilitation facilities have been closed
entirely or closed to visitors. During the current COVID-19 pandemic,
Twitter has been successfully used for monitoring the dynamics of
public opinion and health behaviors [2−4]. To obtain insights into
how people are managing the current situation and what they need,
physical rehabilitation professionals and health regulators need to
understand what people feel and think about physical rehabilitation.
Thus, we explored the quantity of social media (Twitter) activity,
topics people discussed, and sentiments expressed related to physical
rehabilitation.

On July 15, 2020, we used the program Hydrator to collect the
content of specific tweets related to COVID-19 from the Twitter
dataset of Chen et al. [5] Then, we obtained the full text and extra
information (retweet counts and favorite counts) for each tweet
posted from July 1, 2020, to July 14, 2020. Because of the rapidly
evolving and spreading nature of COVID-19, we limited our study to
2 weeks immediately before the search, when the most confirmed
cases occurred in the United States [6]. Python 3.6.2 (Python Soft-
ware Foundation) was used to preprocess and analyze the collected
data.

The preprocessing eliminated tweets written in non-English lan-
guages, duplicate tweets, and retweets. Then, we converted each
tweet to lowercase and removed stop words (e.g., “is” or “at”), non-
English letters, URLs (sentences starting with “http://” or “pic.twitter.
com/”), emails, and emoticons [7]. To analyze tweets referring to
physical rehabilitation, we selected the following keywords based on
Google Trends (http://www.google.com/trends/): “rehab,” “rehabili-
tation,” “pmr,” “pm&r,” “physical therapy,” “occupational therapy,”
and “speech therapy,” and extracted tweets containing these key-
words. Additionally, to compare the quantity of social media activity
and the sentiments, we used tweets mentioning drug treatment, the
mainstream of acute care for coronavirus infection. Then, drug
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treatment-related tweets were extracted by using the keywords
“drug,” and “remdesivir,” “chloroquine,” and “favipiravir,” as repre-
sentative candidate drugs for COVID-19. We performed lemmatiza-
tion, that is, finding and replacing the normalized form of a word.

Consequently, we identified the public interest within Twitter of
all keywords related to physical rehabilitation based on social media
activity by using the total number of tweets, favorites, and retweets
during the study period. Moreover, to identify the hidden topics from
each tweet’s text, we adopted the latent Dirichlet allocation algo-
rithm (genism Python package) with Mallet’s implementation [8,9].
This unsupervised machine-learning algorithm automatically
extracts topics from a large volume of unstructured text. According
to the degree of semantic similarity between highly contributing
words in the topic, or the coherence score, 10 topics were extracted
in the 2-week study period [10]. The automatically extracted topics
were then re-labelled by the authors according to the top 10 contrib-
uting words from each topic.

TextBlob, a Python library for processing textual data, was used
for sentiment assessment [11]. TextBlob provides polarity scores for
sentences ranging from �1.0 to 1.0, with �1.0 representing the most
negative sentiment and +1.0 the most positive sentiment. If the
polarity score was > 0.05, the tweet was judged positive, and if the
score was <�0.05, it was judged negative; otherwise, the tweet was
judged neutral. Then, we confirmed the daily flow of polarity scores
across tweets related to physical rehabilitation and drug treatment,
respectively. Further analysis involved finding the contribution of
each topic to the sentiment scores. Tweets were collected separately
to obtain average scores.

From the results, 53,393,925 tweets were retrieved (30.7 GB), and
37,658,147 (71%) were in English. After data preprocessing, 8989,043
(17%) tweets remained: 64,630 and 5628 belonged to drug treatment
and physical rehabilitation keyword tweets, respectively. Tweets
referring to physical rehabilitation represented 0.06% of the total,
fewer than those referring to drug treatment, 0.72% of the total. The
total favorite counts and retweets for these tweets were 113,829,754
and 30,329,903, respectively. Among the drug treatment tweets were
1131,333 favorite counts and 473,436 retweets, with 98,777 and
22,350, respectively, for the physical rehabilitation tweets.

Almost half of the tweets related to physical rehabilitation were
uploaded in the United States (44%), followed by the United Kingdom
(10%), India (9%), Australia (5%), and Canada (4%). According to the
uploader’s classification, non-professionals, including independent
users, non-physician staff, news media, and unknown origin, wrote
78% of tweets, whereas independent professionals, including physi-
cians and therapists, wrote about 15% of tweets. The other 7% of those
tweets were uploaded by official academic institutions, organiza-
tions, and hospitals.

http://crossmark.crossref.org/dialog/?doi=10.1016/j.rehab.2021.101589&domain=pdf
http://www.google.com/trends/
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Table 1
Top 5 topics related to physical rehabilitation with the 10 most frequent words in Twitter and the polarity
scores of each topic.

Extracted topicsa Schedule Virus Wear mask Physical therapy Infection

Relevant wordsb day state mask life people
month virus time today thing
week rehabilitate wear visit start
hospital prison face continue infection
die release turn physical therapy trump
family spread physical therapy open addiction
friend system problem crisis stop
lose outbreak wear mask safe affect
spend program big happen brain
survive die close business fuck

Number of tweetsc 461 379 337 333 280
Polarity scoresd +0.037 +0.039 +0.041 +0.115 +0.048
Polaritye Neutral Neutral Neutral Positive Neutral
a the topics were re-labelled by the authors according to the top 10 contributing words from each topic.
b the words that contributed to each topic, from top to bottom in order of frequency.
c the number of tweets related to the extracted topic.
d the sum of the polarity scores of all tweets associated with each topic.
e if the polarity score was >0.05, the topic was considered positive and if <�0.05, negative; otherwise,

the topic was considered neutral.
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For topic modeling, the top 5 topics, depending on the tweet vol-
ume, are illustrated in Table 1, which also illustrates the words that
contributed to each topic, from top to bottom in order of frequency.
Among the topics, “schedule”was associated with the largest number
of tweets, followed by “virus,” “wear mask,” “physical therapy,” and
“infection.”

According to the sentiment analysis, over the 2 weeks, 2381 (42%)
tweets were classified as containing a positive sentiment, 2339 (42%)
a neutral sentiment, and 908 (16%) a negative sentiment. The Fig. 1
illustrates that the daily mean polarity scores were higher for physi-
cal rehabilitation than drug treatment tweets on most days. The
physical rehabilitation tweets had a positive polarity score of ≥ 0.05
every day for 2 weeks. As indicated in Table 1, other topics were neu-
tral except for “physical therapy,” which was the only positive topic,
with an average polarity score of 0.115.

Unexpectedly, few tweets related to physical rehabilitation of
COVID-19 patients. Moreover, the amount of public activity on social
media, based on the number of tweets, retweets, and favorite counts,
was relatively smaller for physical rehabilitation than drug treatment
Fig. 1. Daily polarity scores for tweets referring
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tweets. Therefore, people were more focused on COVID-19−related
pharmacology during the 2-week period. Given the criticality of
COVID-19 and that this study was conducted during only 2 weeks
with the most confirmed cases, not surprisingly, public interest in
acute care was higher for drug treatment than physical rehabilitation.
However, many experts have suggested the significance of rehabilita-
tion after acute COVID-19 infection from the early phase of the global
pandemic [12−14]. An analysis of just 2 weeks of tweets cannot be
conclusive, but researchers should consider that there were
few references to physical rehabilitation as compared with drug
treatment.

The topic “schedule” was mainly related to tweets referring to
the duration of treatment before the death or survival due to
COVID-19 of family members or friends. These tweets were included
in the study’s search results because they mentioned physical reha-
bilitation during hospital treatment. The topics “virus” and “infec-
tion” were primarily linked to tweets about the negative effects of
coronavirus infections on the body, even effects requiring physical
rehabilitation.
to each keyword during the study period.



Table 2
Content and basic information of example tweets with reference to telerehabilitation.

Tweets Posting date Location Uploader

Thanks to COVID-19, we’re finally able to get Speech Therapy for Jake via Telehealth. That’s right, I’ve
been fighting for 8 years to get speech therapy for my non-verbal child. In just 4 months he’s using
his words clearly & confidently.

July 1, 2020 USA Non-professional

As Tele consultation and Tele rehabilitation is becoming mainstream during pandemic, here is some
interesting information regarding Tele-Rehabilitation for stroke related deficits.

July 4, 2020 India Independent medical professional

Telehealth has represented a major piece of the puzzle for ensuring continued access to physical ther-
apy during COVID-19. @HHSGov should consider making this flexibility permanent beyond the crisis.

July 9, 2020 USA Official academic institutions

We were discussing our “new normal” and how we move forward post covid incorporating virtual
appointments/rehab, individually and group scenarios to increase patient contact and reduce travel
etc.

July 13, 2020 United Kingdom Independent medical professional
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According to the extracted topics “wear mask,” “physical ther-
apy” with relevant words and positive polarity scores of physical
rehabilitation for 2 weeks, we deduced that there were concerns
regarding the spread of coronavirus within facilities but also
expectations for reopening facilities after the lockdown. Until now,
physical rehabilitation centres have been actually closing and
reopening according to confirmed cases. Healthcare professionals
should be aware of the mixed opinion of public concern and expec-
tation and keep in mind compliance with quarantine guidelines is
necessary when providing rehabilitation treatment. One interesting
finding is that the “physical therapy” topic was related to “home,”
which denotes home-visit or home-based programs. This finding
may reflect receiving personal rehabilitation treatment at home
due to strict quarantine regulations. Although not among the most
frequent words and topics, “tele-rehabilitation” appeared in some
Twitter accounts. Overall, 51 of the physical rehabilitation-related
tweets mentioned telemedicine, and several examples are illus-
trated in Table 2. This observation may reflect that a paradigm shift
in physical rehabilitation is under way in the non-contact era and
that the public is accepting this change. Some studies have already
reported that innovative approaches to rehabilitation, such as vir-
tual rehabilitation or tele-medicine, may be preferred to contact
interactions [15,16].

Similarly, it is meaningful that sentiments regarding “physical
therapy”were the most positive. These sentiments may express hope
for the normalization of physical rehabilitation facilities or the expec-
tation of new rehabilitation programs. Therefore, physical rehabilita-
tion professionals should be aware of the need and hope for a
transition from facility-based physical rehabilitation to an environ-
ment in which human contact is minimized and personalized pro-
grams can be performed.

There are several limitations to this study. First, this study was
performed at a specific phase of the pandemic. Given that the pan-
demic keeps changing with different phases, future studies at differ-
ent times with different conditions are necessary. Second, we
excluded non-English tweets. However, because more than 70% of
the collected tweets were in English, we thought that analyzing only
English tweets did not create a large bias. Third, only Twitter data
were analyzed. Although the use of Twitter data for public health sur-
veillance has proven reliable in previous studies, there may be a
selection bias issue, with Twitter users not being representative of
any population [1,17−19]. To overcome this bias, we used Twitter
when there were the most confirmed COVID-19 cases in the United
States with the highest Twitter utilization. Fourth, the keywords used
are limited. The word “rehabilitation” can be used for a different
meaning than for medical purposes, and there might be representa-
tive words that are used frequently depending on the region. We
attempted to overcome this situation by searching for other key-
words along with “rehabilitation” by using Google Trend, found use-
ful in various health care research [20]. For example, according to
Google Trend, “pmr” and “physical therapy” are used more than
“prm” and “physiotherapy”worldwide.
3

This is the first study to analyze social media data regarding physi-
cal rehabilitation in the COVID-19 pandemic. In conclusion, physical
rehabilitation topics in social media during the COVID-19 pandemic
addressed concerns regarding physical rehabilitation facilities and
expectations regarding new treatment approaches. Additionally, peo-
ple expressed a more positive sentiment, and perhaps expectations,
regarding physical rehabilitation as compared with drug treatment.
However, we found very little social media activity on physical reha-
bilitation, especially among healthcare professionals. Therefore,
physical rehabilitation professionals and health regulators should
consider public opinion and formulate appropriate policies or pro-
grams to promote rehabilitation treatment. Future studies should fur-
ther investigate the usefulness of social media for knowledge
dissemination about rehabilitation during the COVID-19 pandemic
by expanding the scope to include other media platforms such as
Facebook and Instagram.
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