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Abstract

Background: COVID-19 vaccination rates have waned across the country since the rollout in early 2021, especially among
African American neighborhoods. Vaccine hesitancy is a recurring theme challenging the world’s public health. Yet, months
after efforts to vaccinate the world’s population, we still do not have a good understanding of consumer insights about those who
choose to be vaccinated and those who refuse. This also suggests that many vaccination campaigns are running on assumptions,
not evidence-informed by consumer insights.

Objective: The purpose of this study is to understand consumer insight of COVID-19 vaccines in Kansas City, a city with higher
percentages of African Americans, to contextualize the insight and further compare data from Kansas City with insights from
three other similar-sized towns (Long Beach, California; Omaha, Nebraska; Raleigh, North Carolina) that also have higher
percentages of people of color.

Methods: The researchers collected and analyzed 180,128 tweets from four cities. Triangulated methods were used to look at the
breadth and depth of data to provide validity to the findings. In addition, health communication experts, informed by machine
learning/deep learning topic and emotion models, conducted a textual analysis of the tweets. The strength of this study is the
compilation of methods and the ways in which the data was analyzed and visualized.

Results: Four major themes about COVID were discovered from the mass of tweets: “COVID Vaccines,” “Politics,”
“Mitigation Measures,” and “Community/Local Issues.” The tweets per topic and emotion category were visualized to show
regional differences and longitudinal changes. Critical moments of emotional changes were detected. Textual analysis based
upon data partitioned by the models identified national and local themes. Insights into strategies of appealing to residents are
discussed.

Conclusions: This project’s data reveal wavering relationships of trust among residents and the government and its entities.
While long-term initiatives should be used to rebuild and strengthen relationships among residents in cities with higher
percentages of people of color, additional attention should be given to the health messaging directed at this audience. Practical
implications are offered to inform local vaccination campaigns.
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Title:  Consumer  Insights  of  COVID-19  Vaccines  from Four  Cities  with  Higher  Percentages  of
African Americans to Inform Local Health Campaigns: Topic, Sentiment, and Textual Analyses

Abstract
Background: COVID-19 vaccination rates have waned across the country since the rollout in early
2021, especially among African American neighborhoods. Vaccine hesitancy is a recurring theme
challenging the world’s public health. Yet, months after efforts to vaccinate the world’s population,
we still  do not  have a  good understanding of  consumer insights  about  those who choose  to  be
vaccinated and those who refuse. This also suggests that many vaccination campaigns are running on
assumptions, not evidence-informed by consumer insights.
Objective: The purpose of this study is to understand consumer insight of COVID-19 vaccines in
Kansas City, a city with higher percentages of African Americans, to contextualize the insight and
further compare data from Kansas City with insights from three other similar-sized towns (Long
Beach, California; Omaha, Nebraska; Raleigh, North Carolina) that also have higher percentages of
people of color.
Methods:  The researchers  collected  and analyzed 180,128 tweets  from four  cities.  Triangulated
methods were used to look at the breadth and depth of data to provide validity to the findings. In
addition,  health  communication  experts,  informed  by  machine  learning/deep  learning  topic  and
emotion  models,  conducted  a  textual  analysis  of  the  tweets.  The  strength  of  this  study  is  the
compilation of methods and the ways in which the data was analyzed and visualized.
Results: Four  major  themes  about  COVID were  discovered  from the  mass  of  tweets:  “COVID
Vaccines,” “Politics,” “Mitigation Measures,” and “Community/Local Issues.” The tweets per topic
and emotion category were visualized to show regional differences and longitudinal changes. Critical
moments of emotional changes were detected. Textual analysis based upon data partitioned by the
models identified national and local themes. Insights into strategies of appealing to residents are
discussed.
Conclusions: This  project’s  data  reveal  wavering  relationships  of  trust  among residents  and the
government and its entities. While long-term initiatives should be used to rebuild and strengthen
relationships  among  residents  in  cities  with  higher  percentages  of  people  of  color,  additional
attention should be given to the health messaging directed at this audience. Practical implications are
offered to inform local vaccination campaigns.
Keywords: COVID 19, vaccine hesitancy, Tweets, deep learning, textual analysis

Introduction
At the beginning of August, the COVID-19 vaccination (two shots) rate in Missouri was 41.5%.
However, due to the Delta variant, Kansas City was identified as having a lower vaccination rate and
a rising number of new cases. Therefore, moving forward, it is important to increase vaccination
rates in areas of Kansas City. Accordingly, local healthcare leaders have begun to pursue a more
targeted approach to vaccination campaigns and address health disparities that impede Kansas City’s
vaccination rate progress. In particular, a few zip code areas and surrounding communities on the
east side of Kansas City (64106, 64109, 64127, 64128, 64129, and 64130) are prioritized as the focal
point of the Our Healthy KC Eastside Campaign, an initiative funded by Jackson County. This is
because these areas have more African Americans [1] and are experiencing disproportionate health
outcomes related to COVID-19 due to low vaccination rates [2]. For example, a report by KCUR [3]
noted that as of May 2021, the population of zip code 64130, 88% African American, had a 15%
partial vaccination (one-shot) rate.

Table 1. Demographics of the Targeted Zip Codes and Their Vaccination Rates in May 2021
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Zip  Code
in KC

Percentage  of
African Americans

Partially Vaccinated (at least one dose)

White
Black  or  African
American

Hispanic
or Latino

64106 44% 22% 6% 17%
64109 48% 23% 18% 15%
64127 51% 11% 15% 9%
64128 81% 9% 14% 19%
64129 45% 12% 13% 9%
64130 88% 13% 15% 28%

Vaccine hesitancy is a recurring theme challenging the world's public health [4]; often, the
solution  lies  in  public  health  communication  [5]  and  subsequent  policymaking  [6].  "Effective
communication strategies are important to engage policy-makers and communities in prevention and
control efforts and to increase buy-in and confidence" (p. 10) [7]. In a recent letter to the editor
of Psychological Medicine, Barello et al. [5] call for more research to "look inside the 'black box' of
vaccine hesitancy" (p. 701). This call is timely but also concerning as the U.S.'s death toll has been
climbing toward 750,000 since the beginning of the pandemic last year [8]. Moreover, months after
global efforts  to  vaccinate  the world's  population,  we still  do not have a  good understanding of
consumer insights about those who choose to be vaccinated and those who refuse [5]. This also
suggests that many vaccination campaigns are running on assumptions, not evidence-informed by
consumer insights.

To obtain consumer insights, studies have been done at national and global levels to analyze
the sources of vaccine hesitancy in Australia, the United Kingdom, South Korea, etc., thanks to the
copious amounts of data available on social media. Shim, Ryu, Lee, et al. [9] applied Latent Dirichlet
Allocation (LDA) topic modeling to 3,509 tweets from Korea and discovered that vaccine hesitancy,
including  the  safety  of  the  vaccine  and degree  of  symptoms experienced,  was  the  top  topic  of
discussion about COVID-19. Kwok, Vadde, and Wang [10] found from 31,100 tweets that Australian
users  largely  supported  infection  control  measures  and  refuted  misinformation,  but  some  were
influenced by conspiracy theories. Cotfas,  Delcea,  Roxin, et al.  [11] discovered a largely neutral
stance of people in the United Kingdom toward lockdown measures in November 2020 based upon
over 2 million tweets. Lyn, Le Han, and Luli [12] analyzed 1,499,421 tweets and revealed global
trends  of  opinions  on  vaccination.  Large  data  analysis  allows  researchers  to  make  broad
generalizations about specific populations.

In addition to machine learning and deep learning methods, surveys, content analysis, and
qualitative analysis have been applied to provide more context and depth to understanding vaccine
hesitancy. For example, a nationwide survey of 1,005 Italians conducted between November 27 and
December 3,  2020,  showed that  confidence  in  the  safety  of  the vaccine  played a  major  role  in
affecting  vaccine  hesitancy,  and  collective  responsibility  had  only  marginal  importance.  The
researchers  argued that  vaccination  campaigns  should  aim at  increasing  individuals’ trust  in  the
effectiveness  and  safety  of  vaccines;  trust  is  also  key  to  discrediting  conspiracy  theories  [5].
Conducting content analysis on a national sample of tweets, Griffith,  Marani,  and Monkman [4]
identified significant  vaccine themes hesitancy in Canada,  including political  skepticism,  lack of
knowledge, distrust toward authorities and institutions, distrust in the legal system, and the legacy of
harm caused by health care institutions on people of color. Such contextual information suggests that
no one can take public trust for granted, especially not health authorities [13].
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Trust is monumental to vaccination campaigns targeting African Americans yet challenging
to create among this population. As pointed out by Salmon, Opel, Dudley, et al. [14] the pandemic
has  affected  African  American  communities  more  so  than  other  communities,  compounded  by
memory of the historical and cultural experience with experimental medical research for people of
color.  Additionally,  trust  may  be  put  on  shaky  ground  simply  because  health  institutions  are
perceived as powers that individuals have to face up to [13]. This feeling may sometimes resonate
with the suppression that African Americans have experienced historically. Additionally, the public is
increasingly aware of the uncertainty of scientific knowledge and the lack of scientific consensus
[15, 6]. Thus, simply depicting the vaccine refusers as uneducated may misguide communication
efforts against disinformation [13]. Moreover, this one-way communication of being told “what to
do” and “what to believe” may unintentionally fuel conspiracy theories: health agents are just part of
the suppressive institution.

Studies  on social-technical  decision-making argue that  two-way communication is  key to
increasing  community  engagement,  or  “buy-in,”  mainly  when  science  is  not  definitive  and/or
experimental  [15].  Two-way  communication  is  grounded  in  empathy.  Empathy  is  the  ability  to
suspend  judgment  and  to  walk  in  the  other’s  shoes.  Cognitive  empathy  includes  three  stages:
resonated  empathy  expressed  empathy,  and  perceived  empathy  [16].  Resonated  empathy  is  a
vaccination  campaign  that  listens  to  its  target  audience.  Expressed  empathy  requires  a
communication campaign to  recognize the unique situations and feelings of the target  audience.
Perceived  empathy  measures  whether  the  target  audience  feels  they  are  heard  and  understood.
Empathy is associated with better therapeutic outcomes [17]. Therefore, listening could be one of the
most effective tools to combat vaccine hesitancy and increase vaccination rates among historically
suppressed populations.

One  such  channel  to  listen  to  local  audiences  regarding  COVID-19  is  social  media,
specifically Twitter. Kotliar [18] described social media as “sandboxes” for people to form narratives
about health. In addition, people use social media to share their personal experiences and feelings
about health [19], which is an influential source of psychological support and social persuasion [20].
Thus, social media becomes a unique source of “consumer insights,” featuring its own “agenda” on
health issues, independent of that of the news media [21]. 

The purpose of this study is to understand consumer insight of COVID-19 vaccines in Kansas
City, a city with higher percentages of African Americans, to contextualize the insight; and further,
compare data from Kansas City with insights from three other medium-sized cities (Long Beach,
California; Omaha, Nebraska; Raleigh, North Carolina) that also have higher percentages of people
of  color.  The city  data  comparison provides  both  reliability  and a  check on the  validity  of  our
findings.  Our  ultimate  goal  is  to  provide  practical  implications  to  public  health  communicators
seeking to reach people of color.

Methods

To understand the essence of the data, triangulated methods were used in this study. Figure 1
shows the workflow of the data analysis. First, LDA topic modeling discovered underlying themes
and extracted topic terms. Next, LDA+BERT assigned a tweet to a topic category, and accordingly,
topics were visualized longitudinally for each city. Next, a human textual analysis was conducted to
triangulate the machine analysis. Then, collected tweets were categorized into an emotion category,
and results  were longitudinally  visualized  for  each city.  Additionally,  the  sentiment  trends  were
mapped onto the four national waves of the pandemic and key news events. The four COVID 19
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waves were identified using CDC data, and the key news events were selected by human experts.

Figure 1. The workflow of the data analysis.

Data Collection
The data collection period is January 2020 to June 2021 since it covers the beginning, the peaks, and
the subsiding of the spread of the coronavirus (see Figure 2). The cases are growing and declining
captured from the graphic trend site [22].

Figure 2. The confirmed cases of coronavirus in the U.S. by month, March 2020 to June 2021.
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We collected data from Twitter since it is widely used in the US [23]. According to recent
statistics, 21% of US adults are Twitter users [24]. Representation of Black and Hispanic users was
similar or slightly higher than the general population [25]. We used Twitter API and collected tweets
from four cities in the US during the period between January 2020 and June 2021: 133,844 from
Long Beach, California, 8,291 from Omaha, Nebraska, 18,332 from Kansas City, and 19,661 from
Raleigh, North Carolina. Our search criteria included: terms “covid” or “coronavirus” in the tweet
and geo-location from the United  States.  Additionally,  we filtered  only English tweets  20 miles
around the point of interest (latitude and longitude of the cities).

Figure 3. Geographic distribution of the sampled tweets.

To  analyze  the  major  themes,  topic  modeling  and  human  expert  textual  analysis  were
employed. Sentiment analysis used machine learning methods to gauge anger, sadness, optimism,
and joy over time.

Data Preprocessing
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We preprocessed the tweets to find insights. Initially, we converted the tweets to lower case,
then removed special characters and URLs from the tweet so that the original text would process
further.  We also  eliminated  tweets  that  had  single  or  double  words  that  are  “stop  words.”  For
example, tweets like “No” or "I did.” After preprocessing, there was 0.1% of data loss from raw
tweets.   

Topic Modeling
A two-step  approach  was  applied:  1)  LDA topic  modeling  was  used  to  identify  latent

semantic spaces, or in other words, underlying themes; 2) LDA+BERT clustering model was used to
assign exclusive memberships for tweets. 

Extracting Themes and Topic Terms
Latent Dirichlet Allocation (LDA) is a generative probabilistic model based on words, topics,

and documents [26]. A document is a tweet, and a tweet consists of words. Topics are latent semantic
spaces characterized by a distribution of words, and a tweet has a mixture of latent topics. Given an
input  corpus  D  (d  ∈  D)  with V unique  words  from M documents,  each  document  d  contains  a
sequence of n words d = {W1, W2, …, WN}, n ∈{1, 2, …, N}. Given a topic number k, k ∈{1, 2, …,
K}, the generative process will create documents based upon per-document topic distribution and
per-topic word distribution. We used coherent analysis to determine k, and the final model had four
topics.

a is the per-document topic distribution; it indicates the likelihood that a document contains
topic Zk, k ∈  {1, 2, …, K}. b is the per-topic word distribution. qd is a multinomial distribution of
documents drawn from a Dirichlet distribution with the parameter  a.  jk,  k  ∈  {1, 2, …, K} is a
multinomial distribution of words in a topic drawn from a Dirichlet distribution with the parameter b.

For  each  word  position  n  ∈  {1,  2,  …,  K}  in  a  document,  select  a  hidden  topic  Zn  from the
multinomial distribution parameterized by qd. And then select Wn from jZn. 

Clustering Tweets
LDA topic models are sufficient to extract keywords of underlying themes from a collection

of documents. However, the probability-based approach of LDA ignores the dependence between
words, or in other words, the context. Thus, sometimes unigrams, bigrams, and/or trigrams are fed
into  an  LDA model  to  increase  the  model’s  comprehension  of  context.  Meanwhile,  the  cutoff
probabilities to determine membership are arbitrary. It is hard to apply uniformly to all topics. Topics
of higher coherent scores may have a different probability threshold than topics of lower coherent
scores.  Lastly,  as  LDA topic  modeling  assumes  that  topics  are  distributed  in  all  documents,
memberships are not exclusive, making it difficult to determine the dominant types of tweets. One
approach is to extract the top probable tweets as representatives of the topic. 

To  address  these  shortcomings  of  LDA topic  modeling,  this  study  applied  LDA+BERT
clustering [27] to assign exclusive membership to tweets. First,  the uncased pre-trained sentence
BERT from the Hugging Face library [28] was used to generate a contextual representation of each
tweet.  Then,  the sentence BERT embedding [29] concatenated with LDA sentence vectors  were
entered into a simple autoencoder with a dense layer. Next, each tweet was encoded into a latent
vector space representation. Finally, K-Means clustering was applied to the latent representation and
exclusively put a tweet into a topic category. We used the same number of topics k in LDA to do K-
Mean clustering.

Figure 4. The LDA+BERT clustering model.
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Textual Analysis of Global, Local, and Key Event Topics
Textual analysis is necessary to triangulate and contextualize topic terms from LDA topic

modeling. Thus, we conducted a textual analysis of the tweets. Berger [30] describes textual analysis
as a way for researchers to gather information about how others make sense of the world. The textual
analysis allowed for a local perspective to emerge from the tweets above general quantification. A
human expert (one of the authors) conducted a textual analysis of 4,000 randomly selected tweets
from January 1, 2020, through June 30, 2021. Each tweet had a date and a city of publishing, and a
topic  membership  assigned  by  the  LDA+BERT  model.  Tweets  were  read  and  analyzed
longitudinally.  Tweets were examined several times: themes emerged during initial  readings, and
additional  readings  were  done to  explore  those  themes  [31].  Miles  and Huberman [32]  instruct
researchers to isolate themes “(a) that happen a number of times and (b) that consistently happen in a
specific way” (p. 215). Based upon the topic category,  the textual analysis  contextualized topics
discovered by machine analysis. Based upon location information, the authors summarized common
themes of four cities and local themes of each city.

Emotion Analysis
Emotion Analysis is an extension of sentiment analysis [33]. As an extension of sentiment

analysis, the emotion of the text can be predicted, such as feeling like optimism, joy, sadness, anger.
Emotion recognition helps us dig deeper into users' opinions on products, services, and benefits and
understand  conversations  more  precisely  using  deep  learning  models  [34].  Regarding  BERT's
implementation, we have used the pre-trained BERT model from the Hugging Face library. This
model has different text classification tasks, including sentiment, toxicity, and emotion. The emotion
task has four labels "joy," "optimism," "sadness," "anger." To label the Twitter data, we have parsed
each tweet according to the model. The output from the model is the single label from the list of
emotions.
Sentiment and Key Events Analysis

The purpose of the analysis of the key events is to investigate the timing of messages. First,
VADER sentiment analysis was used to generate sentiment scores for each tweet. The compound
sentiment  scores  range from –1 to 1,  with (0,  1] indicating positive sentiment,  [–1,  0)  negative
sentiment, 0 neutral. This timeline represents people’s emotional responses from the four cities. The
daily average sentiment scores were plotted along the timeline. Second, human experts selected 35
key events during the examined period, for example, the death of Breonna Taylor and the presidential
inauguration. These key events represented the media agenda. The counts of COVID-related tweets
of  these key events  were  plotted along the  timeline [35].  Third,  the  last  timeline,  depicting  the
infection trends, was created using the CDC’s (20210 “Daily Trends in Number of Covid-19 Cases in
the United States” [36].
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Figure 5. Four waves identified from the CDC’s daily trends’ data.

Results
This study examined consumer insight of COVID-19 vaccines from Twitter across four cities

with higher percentages of African Americans for the purpose of understanding vaccine hesitancy
and informing public health campaigns.

Themes and Topics
Four main topics were identified by machine analysis. Based upon the top words, we named

and summarized each main topic (see Figure 4). The top words from Topic 1 show that this topic was
about  getting  the  COVID  vaccine  and/or  tests.  Topic  2  was  about  politics  and  the  Trump
administration, the Presidential election, COVID relief bills, and China. Topic 3 was about COVID
mitigation measures, such as face masks, social distancing, etc. Topic 4 featured a focus on COVID-
related community/local issues, such as students, schools, and outbreaks. Accordingly, we named
Topic  1  “COVID  Vaccines,”  Topic  2  “Politics,”  Topic  3  “Mitigation  Measures,”  and  Topic  4
“Community/Local Issues.”  

Figure 5. Top 20 Words in the descending order of topics.
Topic 1 “COVID
Vaccines”

Topic 2 “Politics” Topic  3  “Mitigation
Measures”

Topic 4 “Community/Local
Issues”
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We visualized the topic distribution in each city in 2020 and 2021(see Figure 6). The counts
are the numbers of tweets from each topic. Figure 6 shows that Long Beach had the most tweets. The
general pattern of mitigation measures was discussed the most across all four cities in 2020 and
2021,  followed  by  COVID  vaccines.  Long  Beach  in  2020  had  slightly  more  tweets  about
community/local issues than COVID vaccines.

The percentages reveal different patterns of topic distribution across the four cities in two
years (see Figure 7). While people generally tweeted less about COVID in 2021 than in 2020, there
was an increased interest in mitigation measures and the COVID vaccine and less focus on political
issues in 2021 than in 2020 among the tweets.  

Figure 6. Tweet counts of topics.
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Figure 7. Tweet percentages of topics.

Human interpretation of local themes
We wanted to  gain insight  into the local  word-of-mouth so that  public  health  campaigns

might better connect with audiences and draw upon the themes that are relevant to the communities
examined. The LDA+BERT clustering model partitioned the tweets into four topic clusters. These
clusters became the starting points of human experts’ identifying sub-themes that were unique to
each location. Below is a human expert’s interpretation of the sub-themes identified in each urban
city and prescription for targeting local audiences in vaccination campaigns.

Kansas City, Missouri

Figure 8. Sub-themes and sample tweets in Kansas City, Missouri.

Kansas City, Missouri Sample Tweet
Topic 1 “COVID Vaccine”
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Questioning the legitimacy and/or severity of COVID-19

Questioning how COVID-19 deaths are reported, why the
vaccine is free

Upset  that  sporting  events  like  March  Madness  were
cancelled

Topic 2 “Politics”
Discussing  the  strength  of  the  body’s  immune  system
versus the COVID-19 vaccine

Debating  the  efficacy  of  the  vaccine  and  the
known/unknown side effects

Attributing “getting back to normal,” e.g., school, sporting
events, to being vaccinated

Topic 3 “Mitigation Measures”
Questioning the COVID-19 vaccine and the government’s
interest in increasing vaccination rates

Debating the politics of COVID-19 and the vaccine rollout

Comparing COVID-19 to the flu, incidence and severity of
symptoms

Topic 4 “Community/Local Issues”
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Discussing  the  side  effects  of  COVID-19  versus  the
unknown long-term effects of the vaccine

Communicating the rise  of  the Delta  variant  locally  and
across the United States

Debating  different  therapeutic  treatments  for  COVID-19
and  the  financial  interests  of  lawmakers  and  drug
manufacturers

Since the onset of the pandemic in the early months of 2020, users in Kansas City tweeted
about  their  skepticism related to  the existence and severity  of  COVID-19. Users  questioned the
legitimacy of rising COVID-19 numbers and the severity of symptoms, many comparing the virus to
the seasonal flu. Users debated the necessity of the vaccine for those with healthy immune systems,
especially  since  the  long-term  side  effects  of  the  vaccine  are  unknown.  There  was  a
misunderstanding about the purpose of the vaccine,  many users believing that the vaccine could
prevent contracting the virus altogether. While some users corrected this misnomer, many continued
to stand by their choice not to be vaccinated and often used this point to rationalize their reasoning.
Over time,  users began to be vocal  about the government's  required lockdown and the negative
effects on the economy and mental health. Users frequently debated the politics of COVID-19 and
the vaccine rollout, acknowledging failures on the part of both the Trump and Biden Administrations,
but also the varied messaging from government health agencies and pharmaceutical drug companies.

Despite rising COVID-19 numbers and increases in incidence in the Delta variant locally,
many users longed for normalcy which meant a return to work and school and recreational activities,
including professional sporting events. In addition, users in this area debated different therapeutic
treatments for COVID-19 and the financial interests of both lawmakers and drug manufacturers.
Ultimately, users expressed distrust of government and health organizations due to mixed messaging
and inconsistent communication.

Long Beach, California
Figure 9. Sub-themes and sample tweets in Long Beach, California.
Long Beach, California Sample Tweets

https://preprints.jmir.org/preprint/34931 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Wang et al

Topic 1 “COVID Vaccine”
Debating the effectiveness of masks

Discussing the severity of COVID-19 symptoms compared
to the flu

Sharing the irrational fear of contracting COVID-19

Topic 2 “Politics”
Discussing the origin of the virus, both in California and in
the world

Debating President Trump’s handling of the pandemic

Discussing the potential for a COVID-19 vaccine

Topic 3 “Mitigation Measures”
Debating  the  politics  of  COVID-19  under  the  Trump
Administration

Discussing the impact of COVID-19 on the stock market

Connecting gun violence to COVID-19 deaths, asking for
reform

Topic 4 “Community/Local Issues”
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Sharing  of  local  updates  of  COVID-19  outbreaks  and
safety  protocols,  e.g.,  travel  limitations,  closed  borders,
lockdowns, school closings.

Debating how COVID-19 is transmitted

Debating  how  COVID-19  numbers  are  reported,  no
consistency or standard for reporting

In this urban area, many users began the pandemic by sharing fears of contracting COVID-19
and experiencing long-term effects or death from the virus. Some users had a fear of contracting
COVID-19  and/or  spreading  it  to  their  loved  ones.  Users  discussed  the  severity  of  the  virus
symptoms, and some compared the virus to the flu. There was little discussion or debate related to
the  existence  of  the  virus;  instead,  users  debated  the  safety  precautions  instituted  by  the  state
government, like mask mandates or economic lockdowns. These types of discussions often turned to
the politics of COVID-19 and the evaluation of administration efforts to contain the pandemic in the
United States. Users also discussed where the virus originated, both in the world and in California.
Users  in  Long  Beach  specifically  debated  President  Trump’s  handling  of  the  virus  and  the
development of the COVID-19 vaccine.

As the pandemic progressed, users discussed the impact of COVID-19 on the economy and
the stock market. California experienced a very strict statewide lockdown, especially in comparison
to other states; due to the strict guidelines, many users raised concern about the future of California’s
economy and debated how the state would “bounce back.” In response to rising COVID-19 numbers
both in the state and the nation, users compared the virus to gun violence and the need for reform.
Users reported updates of local COVID-19 outbreaks and county safety protocols that might affect
others  in  the  area.  Many  users  debated  how  COVID-19  is  transmitted,  especially  after  being
vaccinated. This led users to debate how COVID-19 numbers are reported, and many complained
about the lack of consistency or that there was no standard for reporting.

Omaha, Nebraska
Figure 10. Sub-themes and sample tweets in Omaha, Nebraska.
Omaha, Nebraska Sample Tweets

Topic 1 “COVID Vaccine”
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Discussing the severity of COVID-19 in comparison to the
flu

Debating how COVID-19 numbers are reported

Believing that COVID-19 and the vaccine is propaganda

Topic 2 “Politics”
Upset  about  the  interruption  of  various  national  sports
conferences

Attributing “getting back to normal,” e.g., school, sporting
events, to being vaccinated

Sharing vaccine hesitancy related to misinformation

Topic 3 “Mitigation Measures”
Discussing the politics related to COVID-19 and who is to
blame

Discussing the inconsistency in public health messaging,
e.g., masks, social distancing, vaccine, media
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Debating  COVID-19  financial  relief  and  the  economic
implications

Topic 4 “Community/Local Issues”
Debating another wave of COVID-19 and mutated variants

Debating  freedom  of  choice  in  being  vaccinated  in  the
midst of rising COVID-19 numbers

Discussing the lack of confidence and trust in government
agencies and pharmaceutical companies

This urban area began the pandemic with a lot of doubts and hesitation related to the severity
of  COVID-19.  Many  users  discussed  the  severity  of  the  virus  in  relation  to  the  flu,  and some
believed that the pandemic was political propaganda. Users in this region were especially upset that
the pandemic interrupted national sporting events. Many attributed “getting back to normal” to being
vaccinated and encouraged others to choose the vaccine when it was their turn. However, there were
many users who shared vaccine hesitancy due to misinformation.  Hesitancy then led to political
debate and who is to blame for the pandemic. Interesting in this localized data is the attention on the
inconsistent  public  health  messaging related to  masks,  social  distancing,  and the vaccine.  While
many  pointed  to  the  media,  social  media  was  acknowledged  as  a  major  problem in  spreading
misinformation.

While the necessity of economic lockdown was debated among these users, many looked
ahead and wondered what was next for their region. Users argued whether another wave of COVID-
19 would hit and if there would be mutations of the virus. Fear of another wave led users to discuss
vaccine mandates and whether  Americans  should have the freedom of choice during this  public
health crisis. In addition, vaccine mandates and emergency approval by the FDA fueled users’ lack of
confidence and trust in government agencies and pharmaceutical companies, questioning why they
wouldn’t have the right to choose.

Raleigh, North Carolina
Figure 11. Sub-themes and sample tweets in Omaha, Nebraska.
Raleigh, North Carolina Sample Tweets

Topic 1 “COVID Vaccine”
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Understanding the effects of the national lockdown

Discussing  the  necessity  and  effectiveness  of  safety
precautions

Discussing the severity of COVID-19 in comparison to the
flu

Topic 2 “Politics”
Debating the effectiveness of the COVID-19 vaccine 

Discussion of “vaccine refusers” and freedom of choice

Weighing  the  risks  of  contracting  COVID-19  or  the
unknown long-term effects of the vaccine

Topic 3 “Mitigation Measures”
Discussing  immigration  and  its  contribution  to  the
COVID-19 numbers/deaths

Discussing  violence  against  Asians  and  the  dangerous
rhetoric used by leaders
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Debating  the  handling  of  COVID-19  and  the  vaccine
rollout by both Trump and Biden Administrations

Topic 4 “Community/Local Issues”
Debating the potential of the vaccine passport mandate

Discussing the effects of COVID-19 on the economy

Discussing COVID-19 treatments and precautions

To begin the pandemic in this part of the country meant that many users had questions about the
severity of COVID-19 and how it differed from the flu. As more state governors chose to close down
local economies, users had plenty to say about it. Users debated the economic effects of the national
lockdown  on  the  local  economy  and  the  necessity  of  safety  precautions  when  numbers  were
relatively low. As the potential  for a vaccine became a reality,  users debated whether or not the
vaccine would be effective and in what capacity. Those who chose not to get the COVID-19 vaccine
often pointed out that they had been vaccinated, e.g., MMR, tetanus, and were (usually) in favor of
vaccines, but in this case were opting out due to the “warp speed” of the development and production
of the vaccine and the lack of proper scientific trials to guarantee its safety.

Often, any discussion of COVID-19 turned to politics. In the case of Raleigh, users debated
the handling of the virus and the vaccine rollout by both President Trump and President Biden. Users
in this area also discussed immigration and whether immigrants contributed to the United States’
pandemic numbers and deaths. Many users discussed the increasing violence against Asians and the
dangerous  rhetoric  used  by  political  leaders.  Users  seemed  to  be  unhappy  with  their  local
government officials and the decisions being made related to COVID-19. The local economy was a
popular topic of conversation; many users shared concern over local businesses and their ability to
rebound after the lockdown. Users discussed different COVID-19 therapeutic treatments and the
effectiveness of safety precautions in the midst of rising numbers nationally. Finally, many debated
the potential of a vaccine mandate and whether or not vaccine passports should be used.

Emotions
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Figures  12 & 13 show that  there  were more tweets  with negative  emotion  than  positive
emotion. People were more joyful and optimistic in 2021 than in 2020. The most positive city was
Raleigh, NC. The most negative city was Omaha, NE, in 2020 and 2021. The angriest city was Long
Beach, CA in 2020, and Omaha, NE, in 2021. 

Figure 12. Counts of tweets of different emotions.

Figure 13. Percentages of tweets of different emotions.
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We also analyzed sentiment change over time in each city. Figures 14-17 show the change of
tweet counts over time. February 2020, March 2020, September 2020, and May 2021 were the

definitive moments in the sentiment distribution over time. All four cities had a sudden sharp
increase in tweets about COVID in February 2020. This peak marked the beginning of the pandemic

and featured a strong negative emotion. After a significant drop in COVID tweets in March 2020,
there was an increase in April, which did not reach the peak amounts of tweets in March 2020.

September 2020 marked a significantly larger drop in tweets in Long Beach, CA, than in other cities.
May 2021 marked a significant increase in the tweets, coinciding with the rollout of the vaccine, and

the number of tweets sharply fell in June 2021.

Figure 14. Month by month emotions counts, Kansas City, MO, 2020-2021.

Figure 15. Month by month emotions counts, Long Beach, CA, 2020-2021.
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Figure 16. Month by month emotions counts, Omaha, NE, 2020-2021.

Figure 17. Month by month emotions counts, Raleigh, NC, 2020-2021.
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Figure 18 uses the percentages of emotion to indicate the change of moods among people
who shared about COVID and vaccines on Twitter. In Kansas City, people suddenly became more
joyful and optimistic in April 2021, when the COVID vaccine began to roll out. A similar surge of
positivity in 2021 happened in February in Long Beach, CA, and April in Raleigh, NC, and Omaha,
NE. 

Figure 18. Month by month emotions percentages, 2020-2021.
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Combining the above two groups of charts, we can see that April and May in 2021 were the
two critical months for the vaccination in Kansas City, MO, Omaha, NE, and Raleigh, NC. February
and May 2021 were the two critical months in Long Beach, CA. There was a clear sign of optimism
in the first month when vaccines were largely available to the public. However, this momentum was
quickly  replaced  by  an  uproar  of  anger  in  May  2021.  People’s  emotion  quickly  changed  from
optimism and joy to anger just within the first month when people were allowed to get vaccines in
Kansas City, MO, Omaha, NE, and Raleigh, NC. This change was more gradual and spread over
three months in Long Beach, CA.

Sentiment and Key Events
In Figure 19 below, the Twitter data’s sentiment is overlaid with the number of COVID-19

infections during the course of the pandemic, including several key events that took place in society.
Often, data is reported without the context of everyday happenings and a reminder of what else was
going on during that time. Twitter is a known outlet for trending topics and for engaging with other
users.  Therefore,  it  is  important  to  examine  the  data  to  see  what  else  influenced  these  Twitter
conversations. Due to states’ stay-at-home public health orders, many people were a captive audience
to events and took to social media to discuss. The CDC data (see the red timeline of the 7-day
moving average), the four waves of infections during the measuring periods were (1) January 1 to
May 31, 2020, (2) June 1 to September 11, 2020, (3) September 12, 2020, to March 12, 2021, and (4)
March 13 to June 23, 2021, are displayed, and the green dotted vertical line represents the end of a
wave.

Figure 19. Sentiment and daily COVID case numbers displayed over the pandemic.
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There were four key national events that had the most COVID-19 related tweets: the death of
Breonna  Taylor  (Event  1),  the  nomination  of  President  Joe  Biden  (Event  2),  the  presidential
inauguration (Event 3), and the Academy Awards (Event 4). Therefore, they are marked as E1, E2,
E3, and E4, accordingly by the vertical red lines in Figure 19.

The blue timeline is the sentiment. There was a sudden drop in sentiment at the beginning of
COVID Wave 1. As more people across the United States were diagnosed with COVID and more
stay-at-home orders were issued, Twitter users were showing fear and anxiety. During Wave 1, Event
1 (Breonna Taylor’s death) increased the amount of COVID-related tweets but did not significantly
influence the sentiment of the discussion. The end of Wave 1 almost coincided with Event 2 (Joe
Biden’s Democratic nomination for President), and there was a dip of sentiment right around the end
of Wave 2 and then a quick bounce back around Event 2. During this time, many people were forced
to stay at home, and the future was unclear. President Trump announced Operation Warp Speed in
May, but a vaccine was not yet a reality when Joe Biden was nominated for President in August.
After this, the sentiment scores bounced around 0 during Waves 3 to 4.

Generally, the sentiment has trended up since the end of Wave 2 (Sept. 11, 2020), with a few
high  positive  days.  However,  the  days  around  the  end  of  the  waves  were  comparatively  more
negative than the other days. The key events impacted the amounts of tweets but not the sentiment of
the tweets. Figure 20 uses Google Trends to show the national search volumes of these four key
events. The four key events coincided with the peeks of the national news agenda based upon Google
trends.

Figure 20. Google trends data.
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Discussion
Health  communication  is  challenging  because  health  is  such  a  personal  topic,  often

influenced by family and culture. As healthcare continues to move to patient-centered practices [37,
38],  and patients increasingly utilize the Internet  [39,  40],  it  stands  to  reason that  public  health
communicators should engage in social listening and glean insights from target populations to better
tailor health messaging. Engaging in social listening allows practitioners to track public opinion and
predict trends in consumers’ attitudes and behaviors. It is important to invest in such information so
that campaign messaging can be designed to be the most effective.

This research project sought to examine Twitter posts from zip codes in mid-size cities across
the United States with high percentages of African Americans to gather insight into the COVID-19
vaccine and related hesitancy so we can improve public health campaigns targeted at people of color.
Triangulated methods were used to look at both the breadth and depth of data to provide validity to
the findings. The strength of this study is the triangulated methods that combined the human expert
and machine analyses and the Tweeter data from four cities with a larger population of people of
color.

Findings from this study suggest public communication campaigns should seek to empower
consumers by implementing three strategies. First, the objective of communicating science is to give
people a sense of control and empower them to make good health decisions. The Twitter data from
Kansas City revealed that this geographical area specifically does not understand the science related
to COVID-19, including the severity of the virus, how the virus is contracted and/or spread. Public
health messaging should focus on how COVID-19 differs from the flu and the potential of long-term
health effects. In Raleigh, North Carolina, it should be said that many who are refusing the COVID-
19 are not “anti-vaxxers” but instead are “refusers.” This is an important difference to note as this
population is targeted for persuasive messaging. Refusing the COVID-19 does not then make one
against vaccines, some users argued. Instead, users weighed the risks of contracting the virus versus
the  unknown  long-term side  effects  of  the  vaccine,  which  often  determined  their  choice  to  be
vaccinated. Thus, the campaigns need to communicate the science around vaccines and educate the
public to become informed decision-makers.

Second, campaigns should seek to build trust locally and among local leaders on health issues
that affect community residents and have a strong local theme and local relevance. One of the main
topics  discovered  was  the  importance  of  community  and  user’s  investment  in  local  issues.
Specifically,  the  Twitter  data  from  Omaha  revealed  that  this  geographical  area  values  its
independence and does not like government interference. To minimize local resentment to national
pushes, appealing to “hometown values” might also be an effective persuasion strategy. For example,
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the local Twitter data showed that users were very community-oriented and especially concerned
about the future of the local community. Thus, appealing to rebuilding the local communities and
putting in the sense of pride in the messaging may help strike a more positive tone and counter the
negativity  growing  from economic  and mental  health  concerns.  Elected  leaders  and community
members should also begin planning how to support initiatives that address these same concerns.
When communicating with people of color, culture and tradition must be considered and integrated
into  the  health  messaging  [41].  Messaging  that  is  not  authentic  will  only  erode  efforts  toward
building trust with people of color.

Third,  timing is  important  to  communication  campaigns  and vaccination  operations.  The
sentiment  analysis  suggested  that  vaccination  efforts  in  these  cities  missed  the  opportunity  of
capitalizing on people’s excitement about the vaccines being available to them in early 2021. The
earlier  days of vaccination rollout often required people to navigate county websites and fill  out
lengthy  forms  online  to  make  an  appointment.  This  could  be  challenging  for  some  and  might
discourage and limit communities of color to access vaccines due to a myriad of reasons: lack of
Internet connection or electronic devices, not being able to find the link to sign up, navigate the
county  website,  understanding  the  language  about  eligibility,  understand  questions  about  health
insurance, provide documents of health insurance, fill out online forms, not having an email address,
home address, or other required information to make an appointment, let alone difficulties of finding
transportation and accommodating work schedules. Perhaps justifiably, users who faced challenges
to  getting  the  vaccine  were  angry.  Arguably,  this  change  of  sentiment  availed  opportunities  to
vaccine hesitancy and disinformation, which disproportionally affect people of color. The data in
June  2021 clearly  shows  a  clip  of  people’s  interest  in  discussing  COVID and  the  vaccine  and
persistent anger.

Limitation
Findings from this study may be limited by the sampling bias of the data. Twitter users are

not necessarily representative of the general public or all local communities in a city. According to a
Pew Research Center’s report, U.S. adult Twitter users are younger, more educated, wealthier, and
more  likely  to  be  Democrats  than  the  general  population  [25].  On average,  10% of  U.S.  users
generate  80% of  the  tweets  [25].  Thus,  any  generalization  of  the  results  should  be  cautioned.
However, the findings provide in-depth insight into word-of-mouth surrounding COVID-19 and the
vaccine.

Final Thoughts
Public health communication competes for users’ attention [42] and sometimes can be in

conflict with news media reports [43]. Health literacy is associated with patients’ engagement in
disease management and treatment decision-making [44]. According to reports, approximately 80
million adults in the United States have limited or low health literacy skills [45]. Little is known
about  the  state  of  health  literacy  in  minority  populations,  including  African  Americans  and
Hispanics. Each local community has its own concerns and unique culture that must be included in
public  health  communication  so  as  to  be  perceived  as  credible  and  trustworthy.  So  often,
organizations are ill-prepared to clearly and effectively communicate with target audiences. Science
and medicine are complex topics that laypeople do not understand. It is not enough to communicate
with audiences when there is an emergency like COVID-19 or the introduction of a vaccine. Instead,
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public health entities must communicate regularly with target audiences to improve health literacy
and work toward community goals. City governments must continue to build trust throughout the
year by being transparent but also recognizing where their community is in terms of beliefs and
education. Consumer insights are used in a variety of industries, including marketing and advertising
[46, 47], real estate [48], travel [49, 51], and many others. As misinformation continues to threaten
public health goals, it only makes sense that public health practitioners and city governments also use
consumer insights to inform campaigns and reach specialized audiences most effectively.
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