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The speed at which social media is propagating COVID-19 misinformation and its potential reach and
impact is growing, yet little work has focused on the potential applications of these data for informing
public health communication about COVID-19 vaccines. We used Twitter to access a random sample
of over 78 million vaccine-related tweets posted between December 1, 2020 and February 28, 2021 to
describe the geographical and temporal variation in COVID-19 vaccine discourse. Urban suburbs posted
about equitable distribution in communities, college towns talked about in-clinic vaccinations near uni-
versities, evangelical hubs posted about operation warp speed and thanking God, exurbs posted about the
2020 election, Hispanic centers posted about concerns around food and water, and counties in the ACP
African American South posted about issues of trust, hesitancy, and history. The graying America ACP
community posted about the federal government’s failures; rural middle American counties posted about
news press conferences. Topics related to allergic and adverse reactions, misinformation around Bill
Gates and China, and issues of trust among Black Americans in the healthcare system were more preva-
lent in December, topics related to questions about mask wearing, reaching herd immunity and natural
infection, and concerns about nursing home residents and workers increased in January, and themes
around access to black communities, waiting for appointments, keeping family safe by vaccinating and
fighting online misinformation campaigns were more prevalent in February. Twitter discourse around
COVID-19 vaccines in the United States varied significantly across different communities and changed
over time; these insights could inform targeted messaging and mitigation strategies.

� 2021 Elsevier Ltd. All rights reserved.
1. Introduction

Authorization and rollout of the first vaccines against the severe
acute respiratory syndrome coronavirus (SARS-CoV-2) that causes
COVID-19 commenced in December 2020 in the United States (US).
Three vaccines have received emergency use authorization to mit-
igate COVID-19 in the US, and large-scale clinical trials are in pro-
gress for two other vaccines. While the number of individuals
expressing hesitancy about the vaccine has been decreasing [1],
concern about COVID-19 vaccines remains high. In a culturally
diverse society such as the United States, salience in messaging
requires a deep understanding of cultural nuance across groups,
and the development of targeted messaging based on those nuan-
ces. The use of social media data is expanding exponentially due to
its low barrier to entry [2] and has the potential to be harnessed to
deliver precision public health communication that addresses
dynamically changing misinformation and heterogenous belief
systems across communities. During COVID-19, Twitter has been
utilized to measure changes in mental health [3], to identify misin-
formation [4], study psychosocial effects [5], and to uncover
emerging symptoms [6]. In this paper, we study online discourse
about the COVID-19 vaccine using Twitter to gain insight into vari-
ation across communities and over time.
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Fig. 1. COVID-19 vaccine topics associated with eight ACP communities showing significant differences in vaccine topics, along with their corresponding odds ratios (OR).
Only top five significant topics per ACP sorted by OR after Benajamini-Hochberg p-correction (p < 0.05) are shown. Higher odds ratio (OR) indicates a stronger association of
topic with the ACP community compared to other ACP communities. All topics along with 95% CIs are shown in Supplementary Table S1.
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2. Methods

Using publicly available data, we identified over 78.1 million
vaccine-related messages posted on Twitter between December
1, 2020 to February 28, 2021. We geolocated tweets posted in
the US to different counties using location information available
for each tweet from the Twitter API [7]. We then identified words
including emoticons and created a set of one hundred open vocab-
ulary data-driven word clusters (topics) with Latent Dirichlet Allo-
cation on original tweets [8]. We then extracted the weekly
prevalence of topics across tweets aggregated to US counties.
Heterogeneity in communities is not necessarily spatial - i.e., a
metropolitan area and a rural location a few miles away can be
more distinct than two metro areas several hundred miles apart.
Consequently, we obtained 15 community types identified by the
American Communities Project (ACP), which is a non-spatial
proximity-based county-level clustering using 36 demographic,
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cultural, and socio-economic indicators, including income, race,
education, ethnicity, religious affiliation, etc [9]. Each county is
assigned a membership to one of the 15 communities by the
ACP. The data used to define the type in the ACP came from two
sources: the U.S. Census American Community Survey[10] and
the Religious Congregations and Membership Study [11]. We also
obtained vaccination rates per county from the CDC [12] between
December 13, 2020 and June 3, 2021 and calculated weekly aver-
ages across all counties in each ACP community. Review of this
study was waived by the University of Pennsylvania’s institutional
review board because it is based on publicly available data.

We took a data-driven approach to allow for a more transparent
view of the topics that differentiate geographic and temporal
trends. Topics were used as input in a logistic regression model
with dummy variables for each of the ACP communities as the out-
comes for geographical analyses and for each week as the out-
comes for temporal analyses. We considered counties where



Fig. 2. Percentage of people who received two doses of the COVID-19 vaccine in each ACP community. Data was obtained from CDC between December 13, 2020 and June 3,
2021 for counties and aggregated to weeks across ACP communities.
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tweets from those counties total at least 500 words per week for
analyses and p-value of < 0.05, after adjusting for multiple compar-
isons using Benjamini-Hochberg’s multitest correction, as a heuris-
tic for identifying potentially meaningful associations [13]. We
report effect sizes of each topic in terms of odds ratio (OR) along
with 95% confidence intervals to quantify the differences. Higher
OR indicates a stronger association of a topic with each ACP com-
munity for the geographical and each week for the temporal
analyses.

3. Results

Of 9.6 million vaccine-related tweets posted from 2958 coun-
ties in the United States from December 1, 2020 to February 28,
2021, there were 4 million original tweets (non-retweet) from
2957 counties. 1853 counties had at least 500 words per week.

Eight ACP communities showed significant differences in vac-
cine topics (Fig. 1). Urban suburbs posted about equitable distribu-
tion in communities (OR = 1.65 (1.61, 1.69), p < 0.05), mass vaccine
sites (OR = 1.47 (1.43, 1.5), p < 0.05), cold storage (OR = 1.42 (1.38,
1.46), p < 0.05), and live public town hall webinars with experts
(OR = 1.39 (1.35, 1.43), p < 0.05). College towns talked about in-
clinic vaccinations near universities (OR = 1.56 (1.52, 1.6),
p < 0.05), likelihood of reaching herd immunity (OR = 1.55 (1.51,
1.59), p < 0.05), feeling hopeful (OR = 1.55 (1.51, 1.59), p < 0.05),
expressing gratitude to community volunteers (OR = 1.54 (1.5,
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1.58), p < 0.05), and data and information tracking (OR = 1.47
(1.43, 1.51), p < 0.05). Evangelical hubs posted about operation
warp speed (OR = 1.59 (1.55, 1.63), p < 0.05), thanking God
(OR = 1.52 (1.48, 1.56), p < 0.05), conspiracy theories around Bill
Gates and China (OR = 1.48 (1.44, 1.52), p < 0.05), local
(OR = 1.34 (1.31, 1.38), p < 0.05), and federal administration
(OR = 1.32 (1.29, 1.36), p < 0.05). Exurbs posted about the 2020
election (OR = 1.22 (1.18, 1.25), p < 0.05), Hispanic centers posted
about concerns around food and water (OR = 1.74 (1.7, 1.79),
p < 0.05), and counties in the ACP African American South posted
about issues of trust, hesitancy, and history (OR = 1.4 (1.37,
1.44), p < 0.05). US counties with mostly retirees, termed Graying
America in the ACP schema, posted about the federal government’s
failures (OR = 1.49 (1.46, 1.53), p < 0.05), personal choice and free-
dom (OR = 1.43 (1.4, 1.47), p < 0.05), big pharma (OR = 1.43 (1.4,
1.47), p < 0.05), and deaths (OR = 1.36 (1.33, 1.4), p < 0.05). Rural
counties from Maine to the Great Lakes to Washington, termed
Rural Middle America by the ACP, posted about news press confer-
ences (OR = 1.37 (1.34, 1.41), p < 0.05), nursing homes and long
term senior resident facilities (OR = 1.34 (1.3, 1.38), p < 0.05), states
receiving vaccines shipments (OR = 1.32 (1.29, 1.36), p < 0.05), data
and information tracking (OR = 1.31 (1.28, 1.35), p < 0.05), and
delays in shipments (OR = 1.3 (1.27, 1.34), p < 0.05). While Fig. 1
shows only top 5 topics per ACP community sorted by OR, the list
of all significant topics along with 95% CIs is shown in Supplemen-
tary Table S1.



Fig. 3. Weekly variation of data-driven COVID-19 Twitter topics from December 1, 2020 to February 28, 2021. Significant topics are colored according to their association
with each week after Benajamini-Hochberg correction (p < 0.05). Each row represents a topic, each column represents a week, and each cell represents an odds ratio between
both.
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Fig. 2 shows the vaccination rates documented by CDC grouped
by ACP communities from December 13, 2020, until June 3, 2021.
Urban Suburbs, Middle Suburbs, and Big Cities lead with over
35% of the population being fully vaccinated, while Evangelical
Hubs, African American South have lower than 25%, and Hispanic
Centers have lower than 15% vaccination rates as of June 2021.

Fig. 3 shows variation of Twitter vaccine topics over different
weeks from December 2020 to February 2021. Topics related to
allergic and adverse reactions, misinformation around Bill Gates
and China, and issues of trust among Black Americans in the
healthcare system were higher in December; topics related to
questions about mask wearing, reaching herd immunity and natu-
ral infection, and concerns about nursing home residents and
workers increased in January. Themes around access to black com-
munities, waiting for appointments, keeping family safe by vacci-
nating and fighting online misinformation campaigns were more
prevalent in February.

4. Discussion

Discourse around COVID-19 vaccines in the United States varies
significantly across different geographic communities and is
changing over time. Hesitancy and acceptance of vaccines and, in
particular the COVID-19 vaccine, has varied by access, sociodemo-
graphic, and cultural factors [14]. Much public health messaging
for the COVID-19 vaccine is being developed based on behavior
change models that incorporate health beliefs, social norms, self-
efficacy [15–17]. However, our results suggest that messaging
campaigns should also incorporate dynamic news cycles as well
as cultural markers in messaging that often signify in-group affili-
ation. The speed at which social media is propagating COVID-19
related misinformation, and its potential reach and impact neces-
sitate nimble, real-time, and adaptive approaches for messaging.
Going beyond the data, language used on social media in different
communities could be indicative of current and future vaccination
rates. Limitations of this study include that Twitter is not represen-
tative of the general population in the US and the tweets analyzed
in this stream are a random sample provided by the Twitter API.
Social media provides an opportunity to understand the rapidly
evolving public information spaces across diverse populations
and communities that can inform targeted messaging and mitiga-
tion strategies.
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Appendix A. Supplementary data

Supplementary data to this article can be found online at
https://doi.org/10.1016/j.vaccine.2021.06.014. Dataset of LDA
topics generated in this paper is available at https://github.com/
wwbp/covid_vaccine_lda_topics.
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