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Abstract
Social media analysis provides an alternate approach to monitoring and understand-
ing risk perceptions regarding COVID-19 over time. Our current understandings of
risk perceptions regarding COVID-19 do not disentangle the three dimensions of risk
perceptions (perceived susceptibility, perceived severity, and negative emotion) as the
pandemic has evolved. Data are also limited regarding the impact of social determinants
of health (SDOH) on COVID-19-related risk perceptions over time. To address these
knowledge gaps, we extracted tweets regarding COVID-19-related risk perceptions
and developed indicators for the three dimensions of risk perceptions based on over
502 million geotagged tweets posted by over 4.9 million Twitter users from January
2020 to December 2021 in the United States. We examined correlations between risk
perception indicator scores and county-level SDOH. The three dimensions of risk per-
ceptions demonstrate different trajectories. Perceived severity maintained a high level
throughout the study period. Perceived susceptibility and negative emotion peaked on
March 11, 2020 (COVID-19 declared global pandemic by WHO) and then declined and
remained stable at lower levels until increasing once again with the Omicron period.
Relative frequency of tweet posts on risk perceptions did not closely follow epidemic
trends of COVID-19 (cases, deaths). Users from socioeconomically vulnerable counties
showed lower attention to perceived severity and susceptibility of COVID-19 than those
from wealthier counties. Examining trends in tweets regarding the multiple dimen-
sions of risk perceptions throughout the COVID-19 pandemic can help policymakers
frame in-time, tailored, and appropriate responses to prevent viral spread and encourage
preventive behavior uptake in the United States.
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1 INTRODUCTION

The coronavirus disease 2019 (COVID-19) pandemic caused
by SARS-CoV-2 has resulted in severe morbidity and mor-
tality and strained healthcare systems across the world. As
of May 27, 2022, the cumulative number of coronavirus
cases globally exceeded 528 million and over 6.2 million
people have died of COVID-19. The United States has led
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the world in COVID-19 fatalities (over 1 million as of May
27, 2022) (Johns Hopkins University and Medicine, 2022).
The pandemic has profoundly and adversely altered various
aspects of society from health systems and economic growth
to individuals’ daily lives, health, and well-being. Individu-
als’ behaviors such as complying with preventive measures
and vaccination are critical to combat the COVID-19 pan-
demic and mitigate its impacts. Risk perceptions would be

Risk Analysis. 2022;1–13. wileyonlinelibrary.com/journal/risa 1

https://orcid.org/0000-0003-1834-1834
mailto:shanqiao@mailbox.sc.edu
http://creativecommons.org/licenses/by/4.0/
https://wileyonlinelibrary.com/journal/risa


2 QIAO ET AL.

expected to influence individuals’ preventive and protective
behavioral responses to COVID-19 (Lestari & Ulfiana, 2021;
Shmueli, 2021) and evidence thus far suggests that risk per-
ceptions play an important role (Bundorf et al., 2021; de
Bruin & Bennett, 2020)

Risk perceptions refer to individuals’ subjective assess-
ments and appraisals regarding the probability of experi-
encing harms or hazards such as injury, illness, and death.
Risk perceptions are often composed of two main dimen-
sions: the cognitive dimension, which is about understanding
of risks (e.g., perceived susceptibility and perceived sever-
ity), and the emotional dimension, which captures feelings
about risks (e.g., fear and dread) (Paek & Hove, 2017). Health
behavior theories such as the health belief model (HBM),
protection motivation theory (PMT), and the risk perception
attitude (RPA) framework emphasize how rational and cog-
nitive aspects of risk perceptions influence health behaviors
(Janz & Becker, 1984; Rimal & Real, 2003). Generally, a
higher level of perceived susceptibility and perceived severity
are related to uptake of protective behaviors and willingness
to vaccinate (Agüero, Adell, Giménez, Medina, & Conti-
nente, 2011; Prati, Pietrantoni, & Zani, 2011; Rubin, Amlôt,
Page, & Wessely, 2009; Rudisill, 2013; van der Weerd, Tim-
mermans, Beaujean, Oudhoff, & van Steenbergen, 2011).
With respect to COVID-19, people who perceive higher risks
are more likely to uptake protective behaviors such as hand-
washing and social distancing (de Bruin & Bennett, 2020).
Perceived susceptibility and perceived severity are predictors
of COVID-19 vaccine acceptance and intention to vaccinate
(Detoc et al., 2020; Dror et al., 2020; Fisher et al., 2020; Graf-
figna, Palamenghi, Boccia, & Barello, 2020). In addition, risk
perceptions regarding COVID-19 for others are more pre-
dictive of behavioral response than risk perceptions about
COVID-19 for oneself (Sherman et al., 2021).

Emotions can also play an important role in people’s
experiences and processes of risk assessment. Slovic and col-
leagues highlighted the tendency to respond based on current
emotions when understanding and making judgments about
risks. For example, feeling intense dread may make people
evaluate a risk as more threatening and prevalent (Slovic, Fin-
ucane, Peters, & MacGregor, 2007). Emotional reactions to
risks (e.g., fear about the disease) could be independent of
cognitive appraisal and act as even stronger determinants of
individual perceptions and behaviors (Loewenstein, Weber,
Hsee, & Welch, 2001). For example, perceptions of “dread
risk” (the risk elicits visceral feelings of terror, uncontrol-
lable, catastrophe, inequality, and uncontrolled) may be more
influenced by emotions (Slovic, 1987; Slovic, Fischhoff,
& Lichtenstein, 1982; Visschers & Siegrist, 2018; Weber,
2017). In the context of COVID-19 pandemic, a higher
level of fear about COVID-19 is positively related to vac-
cine acceptance (Detoc et al., 2020). Similarly, being worried
about the health consequences of COVID-19 was positively
associated with the willingness to obey strict hygiene and
social distancing restrictions (Sobkow, Zaleskiewicz, Petrova,
Garcia-Retamero, & Traczyk, 2020). Negative emotions (i.e.,
“sadness,” “fear,” “anger,” and “shock”) associated with

COVID-19 may, however, impede the postitive impact of trust
in government on preventive behavior uptake (Min, Shen, Yu,
& Chu, 2020).

Social determinants of health (SDOH) are “contextual fac-
tors that contribute to increased individual risk of exposure
to disease or compromise the ability to protect oneself from
infection” (Gupta, Parkhurst, Ogden, Aggleton, & Mahal,
2008, p. 765) (e.g., percentage uninsured, median house-
hold income, GINI coefficient, percentage living in poverty,
and percentage of high-school graduates). SDOH dispro-
portionally affect socioeconomically vulnerable communities
and populations. Furthermore, populations with higher bur-
dens of SDOH factors, especially some ethnic minority
groups in the United States have been at disproportion-
ally greater COVID-19 risk and experienced worse clinical
outcomes. Counties with a larger African American popu-
lation experienced greater case numbers than counties with
a smaller African American population (Zephyrin, Radley,
Getachew, Baumgartner, & Schneider, 2020). The national
COVID-19-related mortality rate for African Americans was
2.4 times higher than that of White Americans (Tracker,
2020). A number of SDOH contribute to health dispari-
ties related to COVID-19 mortality including environmental
factors (e.g., air pollution in areas with high African Amer-
ican populations) that could exacerbate lung complications
(Brandt, Beck, & Mersha, 2020), occupational risk (e.g.,
employment types and related exposure) (Hawkins, 2020;
Millett et al., 2020), access to care (e.g., lack of insur-
ance and geographic maldistribution of healthcare services)
(Moore, Langston, George, & Coughlin, 2020), and struc-
tural racism in the healthcare system resulting in biased and
suboptimal care (Krouse, 2020; Tan, deSouza, & Raifman,
2021).

A recent literature review on predictors of risk perceptions
regarding infectious diseases suggests mixed findings regard-
ing income, employment status, and risk perceptions (Tagini
et al., 2021). Generally, people with perceptions of lower
financial well-being may be more likely to report higher per-
ceived risks since they anticipate more financial, cultural,
and logistic barriers to adequate medical care and services
(Choi, Yoo, Noh, & Park, 2017; Di Giuseppe, Abbate,
Albano, Marinelli, & Angelillo, 2008; Jang et al., 2020).
However, educational level could be a confounding factor
that moderates this relationship because it is related to both
socioeconomic status and health literacy/knowledge of a dis-
ease (De Zwart et al., 2009; Kim & Kim, 2018). Some studies
report that people with higher educational attainment may
have a greater perceived risk of a pandemic (Barennes, Hari-
manana, Lorvongseng, Ongkhammy, & Chu, 2010; Fang,
Fang, Tsai, Lan, & Hsu, 2012; Jang et al., 2020). There are
also studies showing no significant association between edu-
cation and risk perceptions (Cui, Liao, Lam, Liu, & Fielding,
2017; Oh, Paek, & Hove, 2015; von Gottberg, Krumm, Porz-
solt, & Kilian, 2016; Wang et al., 2018). In the context of the
COVID-19 pandemic, monthly income is positively associ-
ated with perceived susceptibility of COVID-19 (He, Chen,
Kong, & Liu, 2021).
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Social media data have been characterized as offering real-
time coverage of a large percentage of the population (nearly
half of all adults worldwide and two-third of all American
adults use social media) (Perrin & Anderson, 2019) with high
volume usage (e.g., approximately 500 million tweets per day
on Twitter) (Krikorian, 2013). Social media data (e.g., Twitter
data) have been used for infectious disease surveillance and
monitoring for some time (Huang, Li, Jiang, Li, & Porter,
2020; Strathdee, Nobles, & Ayers, 2019; Young, Rivers, &
Lewis, 2014; Young & Zhang, 2018). It has become a critical
source for understanding information exchange and the pub-
lic’s opinions, experiences, and feelings about the COVID-19
pandemic (Hussain et al., 2021; Kurten & Beullens, 2021).
For example, the main topics of COVID-19-related English
tweets from January to May 2020 included the impact of
COVID-19 on the economy and markets, the spread and
growth of COVID-19 cases, treatment and recovery, the
impact on the healthcare sector, and governments’ responses.
Sentiment (positive or negative) scores were negative on
average for the topics of infection transmission, growth of
cases, symptoms, racism, the source of the outbreak, and
the political impacts of COVID-19 (Chandrasekaran, Mehta,
Valkunde, & Moustakas, 2020).

Since the start of the COVID-19 outbreak, researchers have
explored the role of social media in disseminating both cred-
ible medical information and conspiracies/misinformation
(Rosenberg, Syed, & Rezaie, 2020), analyzed public per-
ceptions and attitudes regarding COVID-19 and COVID-19
vaccines (Boon-Itt & Skunkan, 2020; Lyu, Le Han, & Luli,
2021; Yousefinaghani, Dara, Mubareka, Papadopoulos, &
Sharif, 2021), and examined trends of risk perceptions based
on social media data (Dyer and Kolic, 2020). Dyer and Kolic
(2020) developed indicators of risk perception based on emo-
tion and attention presented in tweets from 12 countries
between March and June 2020 and compared these indicators
with key epidemiological indicators (the number of COVID-
19 confirmed cases and deaths). Twitter users paid great
attention to mortality, but with less of an emotional and more
of an analytic tone over time. They also found differences
across countries in sensitivity to national-level COVID-19
mortality figures (Dyer & Kolic, 2020).

Existing work does not, however, adequately address some
crucial aspects of using social media data to understand
population-level COVID-19 pandemic responses. First, exist-
ing studies on risk perceptions do not disentangle the three
dimensions of risk perceptions (perceived susceptibility, per-
ceived severity, and negative emotion) and investigate them
over time. Dimensions of risk perceptions are important to
examine separately so that they can be used in design of
preventive action and public health messaging. Second, a
longer time frame is crucial to understand whether findings
come from a discrete moment in time or are mapping the
ever-changing dynamics of the pandemic. For instance, one
study in the United States suggested that perceived risks of
COVID-19 infection increased within a 5-day period in the
early stage of the pandemic perhaps as a result of the rapid

spread of public health messages (Wise, Zbozinek, Miche-
lini, Hagan, & Mobbs, 2020). Risk perception may vary
over time, and may be affected by vaccinations, SARS-CoV-
2 variants, public health policies, and so forth. There have
been no studies illustrating risk perception trajectories and
how risk perception may be associated with COVID-19 epi-
demiological trends over time. A longer time frame would
allow for a better understanding of the nuances in risk per-
ception changes as COVID-19 evolves. Third, limited studies
have included SDOH as potential predictors of risk percep-
tions. The associations between these structural level factors
and risk perceptions of COVID-19 need further exploration.
Particularly, existing work does not integrate SDOH data
(e.g., those from county-level US Census data) with social
media data to understand how these factors may affect risk
perceptions.

To address these knowledge gaps, we employed a long-
time frame covering 2 years and integrate county-level SDOH
data into analysis. Since the COVID-19 pandemic continu-
ally evolves and there is no well-accepted definition of its
stages at present, for the convenience of describing risk per-
ception trends, we define an “early stage without vaccine”
period (January 1, 2020–December 13) and also apply the
period definition by the CDC (Iuliano et al., 2022) based on 7-
day moving-average number of COVID-19 cases, emergency
department visits, hospital admissions, and deaths in the
United States (December 14, 2020–January 15, 2022), which
roughly posited three peak time periods of the pandemic,
that is, Winter 2020–21 Period (December 14, 2020–March
1, 2020), Delta Period (July 15, 2021–November 1, 2021),
and Omicron Period (December 15, 2021–January 15, 2022)
as well as two stable periods (March 1, 2021–July 15,
2021, and November 1–December 15, 2021, respectively).
The current study aims to (1) demonstrate the trajectories
of perceived susceptibility, perceived severity, and negative
emotion through different periods of COVID-19 epidemic in
the United States based on tweets from January 1, 2020 to
December 31, 2021; (2) investigate the degree to which these
three trajectories are in accordance with COVID-19 epidemi-
ological trends (i.e., daily new cases and daily new deaths);
and (3) examine the correlations between SDOH and the three
dimensions of risk perceptions based on county-level SDOH
data in the United States.

2 DATA AND METHODS

2.1 Data sources

2.1.1 Geotagged Twitter data

We collected 605,344,419 geotagged tweets within the
bounding box enclosing the continental United States posted
by over 5,167,534 Twitter users from January 1, 2020 to
December 31, 2021 using the public Twitter streaming appli-
cation programming interface (API) and tweet location filter
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(Twitter, 2021). The API delivers about 1% random sample
of publicly available tweets in real time (Twitter, 2022). As
in Martin et al., 2020), we filtered out tweets automatically
posted by bots such as weather reports and job offers by
checking from which application a tweet was posted (tweet
source). Specifically, we manually identified a list of tweet
sources from which the tweets are deemed to be posted by a
human (not a bot). We then removed all tweets whose sources
are not included in the identified source list (Appendix
Table 1). A geotagged tweet can be tagged at different spa-
tial resolutions such as exact coordinates, neighborhood, city,
or country. We further removed the tweets that are tagged at a
spatial resolution lower than a city (e.g., tweets at the state
and country level were excluded). After data cleaning and
filtering, 502,048,698 geotagged tweets posted by 4,930,130
Twitter users were maintained for further analysis.

2.1.2 COVID-19 epidemic data and key
events

The US national-level and county-level daily-accumulated
COVID-19 confirmed cases and deaths were downloaded
from the New York Times’ GitHub data repository (New York
Times, 2020). The national-level daily new cases and deaths
were derived from the New York Times’ data set.

2.1.3 Socioeconomic and demographic data

The US county-level SDOH and demographic
(race/ethnicity) variables were extracted from the 2014–
2018 American Community Survey (ACS) 5-year estimates
data (U.S. Census, 2019). The SDOH variables include
GINI coefficient (a measure of statistical dispersion aimed to
represent the income/wealth inequality within a nation or any
other group of people; it ranges from 0 to 1, where zero is
perfect equality and one is maximal inequality) (Gini, 1936),
median household income, percent unemployed, percent
having no health insurance, percent living in poverty, and
percent with less than high-school education. Race/ethnicity
variables include percent Black or African American, White,
Hispanic or Latino, and Asian. Finally, county-level popu-
lation density was also derived from the 2014–2018 ACS
data.

2.2 Keywords identification for risk
perceptions

Three categories of risk perception keywords were identified
based on literature, including perceived susceptibility, per-
ceived severity, and negative emotional dimension. Perceived
susceptibility captures people’s subjective beliefs about how
vulnerable and susceptible they are to a disease or other
health risk (likelihood or probability of getting the disease).
Perceived severity captures how serious people believe a
health risk to be and whether it will have adverse physi-
cal consequences such as death, disability, and pain, and/or
adverse social consequences such as ostracism, stigma, and
shame. The emotional dimension depicts how people feel
about the risk, such as fear, outrage, dread, and so forth.

We populated laypersons’ words and phrases reflecting
these risk perception keywords from standardized vocabu-
laries. This approach has been validated and widely used
in identifying health-related written speech (Zeng & Tse,
2006). Specifically, individual risk perception keywords were
identified by two researchers (SQ and CR) in review of the
Linguistic Inquiry and Word Count (LIWC), a closed vocab-
ulary of cognitive and emotional terms used by laypersons
(Tausczik & Pennebaker, 2010). Keywords that were used
during consumer health communications were mapped onto
the Ontology of Consumer Health Vocabulary (Amith, Cui,
Roberts, Xu, & Tao, 2019), a formal and interoperable seman-
tic web ontology that was developed based on the Consumer
Health Vocabulary (CHV) (Zeng & Tse, 2006). Therefore,
these identified keywords were confirmed by human experts,
standardized by LIWC and CHV, and enhanced in term of
generalizability as some could be semantically linked to
existing medical/healthcare vocabularies as identified by the
Uniformed Medical Language System (UMLS) (Bodenrei-
der, 2004). The final list of key words used to identify the
three categories of risk perceptions appears in Table 1.

2.3 Risk perception indicator (RPI)

We defined the RPI for the three specific risk perception
dimensions as the proportion of Twitter users who posted
dimension-specific risk perception tweets among all Twit-
ter users who posted COVID-19-related tweets during our
study period (Equation 1). The COVID-19-related tweets
were extracted using the following keywords: coronavirus,
covid-19, covid19, pandemic, epidemic, and virus.

RPI∗ =
Number of Twitter users with both risk perception and COVID_19 keywords

Number of Twitter users with COVID_19 keywords
. (1)

∗Note: there are three RPIs including RPI for perceived susceptibility, perceived severity, and negative emotions.
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TA B L E 1 Identified keywords for the three dimensions of COVID-19 risk perceptions

Perceived susceptibility
(CHV ontology ID)

Perceived severity
(CHV ontology ID)

Negative emotion
(CHV ontology ID)

Vulnerable/vulnerate
Risk/risky
Unsafe/not safe (ochv#37555)
Suspect
Doubt/dubious
Hesitate/hesitating
Danger/dangerous
Unsure
Believe/believed
Undoubted/undoubting
Confused/confusing/confusion
Immune /immunity
High risk/ high-risk
At risk/ at-risk
Avoid
Cancel
Postpone

Die
Dead/death
Lethal
Fatal
Pain/painful (ochv#9185)
Isolate
Judge
Shame/shameful
Suffer/suffering/suffered
Paralyzed
Restricted

Worse/worthen/worthening
Worthened/worst
Dread
Fear/feared/fearful/fearing (ochv#37463)
Scare/scared/scaring (ochv#51823)
Outrage
Nervous
Panic
Terrify/terrified/terrifying
Worry/worried
Anxious/anxiety
Stress/stressed
Distrust

Note: Laypersons’ words and phrases reflecting the risk perception were populated from standardized vocabularies. The identified keywords were confirmed by human experts,
standardized by Linguistic Inquiry and Word Count (LIWC) and (Consumer Health Vocabulary) CHV, and enhanced in term of generalizability as some could be semantically linked
to existing medical/healthcare vocabularies as identified by the Uniformed Medical Language System (UMLS). A complete ID in CHV ontology is http://sbmi.uth.tmc.edu/ontology/
[identical ID of a concept].

At the national level, a daily RPI was computed for
each dimension of risk perceptions from January 1, 2020 to
December 31, 2021. The daily RPI was used for temporal
analysis to demonstrate the trajectories of each risk percep-
tion dimension since the COVID-19 outbreak in the United
States. We calculated an accumulated RPI for each risk per-
ception dimension at the county level by using aggregated
Twitter data within the study period. The county-level accu-
mulated RPIs were used for statistical analysis to examine
how SDOH (also county-level measures) correlate with the
three dimensions of risk perceptions.

2.4 Data analysis

2.4.1 Temporal trend analysis at the national
level

The daily RPI for each of three risk perception dimensions
(perceived susceptibility, perceived severity, and negative
emotion) were computed and plotted as time series at the
national level. This allows us to depict their trajectories
since the COVID-19 outbreak in the United States based
on tweets from January 1, 2020 to December 31, 2021. To
illustrate the degree to which these three trajectories were
in accordance with COVID-19 pandemic trends, COVID-19
epidemic data (number of daily new cases and daily new
deaths) were overlayed and visually associated with the RPI.
Finally, key events since the COVID-19 outbreak (e.g., initial
outbreak, WHO declaration of pandemic, lockdown/stay at
home, and reopening) were extracted from news reports and
government announcements to examine how these key events
affected numbers of posted tweets related to risk perceptions
(Appendix Table 2).

2.4.2 Statistical analysis at the county level

To examine how SDOH and demographic variables correlate
with attention to the three dimensions of risk perceptions,
correlation analysis was performed between the county-level
RPIs and county-level SDOH variables (GINI coefficient,
median household income, percent unemployed, percent with
no health insurance, percent living in poverty, and percent
with less than high-school education) and race/ethnicity vari-
ables (percent of Black or African American, White, Hispanic
or Latino, and Asian). To reduce bias and noise, only counties
with more than 100 Twitter users who posted COVID-19-
related tweets were selected, resulting in 1032 counties being
included in the statistical analysis. We further examined the
distribution of urbanization status across the 1032 counties
using the Urban–Rural Classification Scheme for Counties
(i.e., large central metropolitan, large fringe metropolitan,
medium metropolitan, small metropolitan, and micropoli-
tan/noncore) (Ingram & Franco, 2014) and compared this
distribution with the national level one in 2019 (Appendix
Table 3). Spatial distribution of these counties was also
demonstrated in a map (Appendix Figure 1).

3 RESULTS

3.1 Temporal trend of Twitter-derived risk
perceptions

Figure 1 illustrates the trajectories for the three dimensions
of risk perceptions from January 1, 2020 to December 31,
2021 covering almost three peak periods and two stable peri-
ods of the COVID-19 pandemic in the United States. The
trajectories of perceived susceptibility and negative emotion

http://sbmi.uth.tmc.edu/ontology/
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F I G U R E 1 Trajectories for changing trends of three dimensions of COVID-19 risk perception and COVID-19 daily new cases
Note: The scale of RPI (left) is different from the scale of daily new COVID-19 cases (right). The figure aims to show the trends of different trajectories

were in accordance with each other displaying great differ-
ence to the trajectory of perceived severity. The perceived
severity indicator score was generally higher than the ones of
perceived susceptibility and negative emotion throughout the
whole study period. In addition, the trajectory of perceived
severity shows large variation over all periods. The other two
trajectories peaked after March 11 when the WHO declared
COVID-19 a global pandemic, then declined quickly (within
1 month) and remained stable for most months. Both trajec-
tories then climbed up slightly during the Delta and Omicron
periods with a second peak in perceived susceptibly during
the Omicron period but not nearly as high as of March 11,
2020.

Comparison between the trajectories of COVID epidemi-
ological indicators (daily new cases and daily new deaths)
suggests that the trends in the pandemic’s epidemiological
status were differentiated from changes in perceptions regard-
ing the COVID epidemic, especially in the first year since
the COVID-19 outbreak (i.e., 2020) in the United States (See
Figures 1 and 2). According to CDC data, the peak time
of COVID new cases and death cases occurred at the end
of 2020, however, the indicator score of perceived severity
spiked up on the week of May 28, 2020 when COVID-
19 deaths in the United States passed 100,000. Similarly,
the score of perceived susceptibility and negative emotion
achieved their maximum levels upon the WHO’s declara-
tion of the pandemic when the number of COVID-19 cases
and deaths were very small. In 2021, the trajectories of
risk perceptions showed similar trends and generally aligned
with COVID-19 epidemiological trends. It is notable that the
temporal trend of Twitter-derived perceived severity lagged
roughly 1 month behind the real-time change of daily new

cases and death cases, while the negative emotions appear 1
month ahead the real epidemiological change.

3.2 Correlations between risk perceptions
and socioeconomic and demographic factors

Table 2 shows the correlation results between county-level
socioeconomic and demographic variables (e.g., SDOH, race,
and population density) and indicator scores of the three risk
perception dimensions. In general, low SDOH levels were
correlated with low indicator scores of perceived severity
and susceptibility. For example, tweets sent from counties
with high percentages of the population lacking health insur-
ance, living in poverty, and with education attainment less
than high school were significantly related to a low indicator
score of perceived susceptibility and severity of COVID-19
(p < 0.01). The high percentage of the population with no
health insurance was also significantly linked with a low indi-
cator score of negative emotion (p < 0.05). In addition, the
indicator score of perceived severity was positively correlated
with median household income (p< 0.05) and negatively cor-
related with percentage living in poverty (p < 0.01). When
examining demographic correlates, we found that a high per-
centage of Black and Hispanic/Latino people in a county
was related to a low indicator score of perceived severity,
susceptibility and negative emotion regarding COVID-19 in
Twitter messages, while a high percentage of White people in
a county was related to a higher indicator score for all three
risk perception dimensions. No significant correlations were
observed between the percentage of Asian in a county and
the indicator score of any risk perception dimension. There
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F I G U R E 2 Trajectories for changing trends of three dimensions of COVID-19 risk perception and COVID-19 daily new deaths
Note: The scale of RPI (left) is different from the scale of daily new COVID-19 deaths (right). The figure aims to show the trends of different trajectories

TA B L E 2 Correlation results (Pearson correlation coefficient) between county-level SES and demographic variables and the indicator score for three
dimensions of COVID risk perception (number of counties N = 1032)

Variable
Perceived
susceptibility

Perceived
severity

Negative
emotion

GINI coefficient −0.0069 −0.0906** −0.0404

Median household income 0.0551 0.0941** −0.0169

Percentage of being unemployed −0.0362 −0.0233 0.0110

Percentage of no health insurance −0.2040** −0.1574** −0.0707*

Percentage of living in poverty −0.0860** −0.1798** −0.0335

Percentage of less high school −0.1844** −0.1727** −0.0411

Percentage of African American −0.1765** −0.2002** −0.2051**

Percentage of White 0.1570** 0.1428** 0.1809**

Percentage of Hispanic/Latino −0.1240** −0.0643* 0.0001

Percentage of Asian 0.0238 0.0236 −0.0117

Population density 0.0008 0.0130 −0.0129

Notes: Only counties with more than 100 Twitter users who posted COVID-19-related tweets were selected, yielding 1032 counties being included in the statistical analysis. The
distribution of urbanization status of these counties was illustrated (Appendix Figure 1) and compared with the national level distribution in 2019 (Appendix Table 3).
*p < 0.05; **p < 0.01.

was no significant correlation between the RPI score and
county-level population density.

4 DISCUSSION

Using over 502 million geotagged tweets posted by over
4.9 million Twitter users from January 1, 2020 to Decem-
ber 31, 2021 in the United States, we extracted tweets

regarding risk perceptions related to COVID-19 and devel-
oped indicators on three dimensions (i.e., perceived severity,
susceptibility, and negative emotion). We demonstrated and
compared the trajectories of the three dimensions with the
COVID-19 epidemic trend during a 2-year time frame cov-
ering different periods of the pandemic. In addition, we
investigated how county-level SDOH and demographic fac-
tors correlated with the three dimensions of COVID-19 risk
perceptions.
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4.1 Temporal patterns of different risk
perception dimensions

The three dimensions of risk perceptions demonstrate dif-
ferent trajectories. Generally, Twitter users were more
concerned about the severity of COVID-19 than their per-
ceived susceptibility or associated negative emotions as the
indicator score of perceived severity was much higher than
the ones of others throughout the study duration. Conversely,
the indicator scores for perceived susceptibility and negative
emotion declined and remained stable at a lower level after
peaks on March 11 when COVID-19 was declared a global
pandemic by the WHO, then they slightly increased during
the Delta and Omicron Periods. Perceived susceptibility and
negative emotion did, however, have very similar patterns
both in level and trajectory.

The high-level score of perceived severity implies Twitter
users’ growing awareness of COVID-19 as related scientific
findings emerged. However, an increased attention to severity
over time might not contribute to more discussion about per-
ceived susceptibility. These results seem to be aligned with
existing studies. For example, a survey of 1591 people in
the United States each day over the first week of the pan-
demic found growing awareness of general COVID-19 risk
but underestimated personal susceptibility of infection rela-
tive to the average person in the United States (Wise et al.,
2020). A six-wave repeated cross-sectional survey of 1942
participants in China between February 7 and April 23, 2020
also showed an increasing perceived severity but slightly
declining perceived susceptibility over time (Rui, Yang, &
Chen, 2021). Optimism bias, which is associated with the
belief that we are less likely to get an infection or a disease
than others, may be one reason and has appeared across a
variety of health-related contexts (Branstrom & Brandberg,
2010; Kuper-Smith, Doppelhofer, Oganian, Rosenblau, &
Korn, 2020). One longitudinal study (a two-wave telephone
survey) among 588 predominately older adults with at least
one chronic condition recruited in Chicago suggested that
although participants increasingly perceived COVID-19 as
a serious health threat from Wave 1 survey (March 13–20,
2020) to Wave 2 survey (March 27–April 7, 2020), the pro-
portion of participants who believed they were not at all likely
to get infected only slightly decreased (Bailey et al., 2020).

The indicator score of negative emotion remained sta-
ble at a lower level across the periods after a peak when
the WHO declared COVID-19 a global pandemic. There
are several potential explanations. First, many people started
feeling fatigued (pandemic fatigue) due to continual expo-
sure to COVID-19-related reporting (WHO Regional Office
for Europe, 2020). As the pandemic evolved, they might
become numb with the news and reduce the frequency in
posting or reposting on Twitter about negative feelings (Ryp-
dal, Bianchi, & Rypdal, 2020). Second, the low level of the
indicator score for negative emotions was consistent with
that of perceived susceptibility. One study conducted in Israel
suggests that low perceived susceptibility of COVID-19 risk
significantly buffered the impact of perceived poor health

status on emotional reactions toward COVID-19 (Inbar &
Shinan-Altman, 2021). Third, COVID-19, certainly in the
beginning of 2020 and over 2020 had been an “invisible risk”
rather than “dread risk” for the public (Savadori & Lauri-
ola, 2021). According to existing psychological theories on
risk perception, “invisible risk” is not as closely associated
with emotions as “dread risk” is (Savadori & Lauriola, 2021).
To some extent, the number of COVID-19 cases does not
always evoke strong emotions or feelings. In addition, many
people have difficulties in understanding numerical infor-
mation related to risk (Cokely, Galesic, Schulz, Ghazal, &
Garcia-Retamero, 2012). Finally, positive coping strategies,
resilience, and social support might help people to bounce
back from various negative emotions during the pandemic
(Masten & Motti-Stefandi, 2020). For example, sentiment
analysis based on COVID-19-related tweets from January to
May 2020 suggested a reversal of sentiments from negative
to positive for topics such as public prevention, govern-
ment response, impact on healthcare industry, and COVID-19
treatment and recovery (Chandrasekaran et al., 2020).

4.2 Risk perceptions and epidemiological
trends

In addition to demonstrating temporal patterns of different
risk perception domains, we further compared risk perception
trajectories and COVID-19 epidemiological trends over time.

The relationship between risk perception trajectories and
epidemiological trends shows different dynamics in the
2 years. In year 1 of the pandemic (2020), in contrast to
assumptions that actual risk (i.e., COVID-19 prevalence rate)
may play a factor in perceived risk, attentions/discussions
on perceptions of COVID-19 risk did not always fol-
low trends in COVID-19 epidemiological indicators (e.g.,
daily new cases and daily new deaths). However, they did
appear to be triggered by big news or events (e.g., on May
28, 2020, COVID-19 deaths in the United States passed
100,000). This finding aligns with studies from the early
stages of the COVID-19 pandemic, which reported that pub-
lic response was very sensitive to significant social events
(Han, Wang, Zhang, & Wang, 2020). News coverage and
media exposure have shaped people’s risk perceptions (Tsoy,
Tirasawasdichai, & Kurpayanidi, 2021; Zeballos Rivas et al.,
2021).

In year 2 (2021), risk perception trajectories were gen-
erally in accordance with the epidemiological trends based
on new cases and death cases, especially in the Delta and
Omicron periods. This dynamic may imply that people have
been adjusting to the pandemic and learning to assess the
risk/severity in a more rational way (i.e., based on the epi-
demic data) after the fear and panic due to uncertainty of
an infectious disease. Twitter users’ attention and discussion
of risks may be delayed upon receipt of new information.
According to the Diffusion of Innovation Theory, the dissemi-
nation of new information and knowledge among populations
may need time. Similarly, development of risk perceptions
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about COVID-19 could also be a procedure of access, uptake,
and interpretation of information about this new virus.

It is notable, however, that trajectory of perceived severity
seemed to lag the trend of COVID-19 cases and deaths, while
trajectory of negative emotions was ahead of COVID-19
cases and death trends. This differentiation in timing further
highlights heterogeneity across risk perception domains in
response to COVID-19. Emotionally driven messages may
spread faster than those driven by scientific data or empirical
evidence, especially in the presence of social media (Brady
et al., 2017). Negative emotions particularly facilitate the
diffusion of information (Zhu, Kim, & Park, 2020), which
may partly explain why negative emotions peaked prior to
increases in epidemiological markers. While more evidence
is needed to explore the potential “lagging effect” between
COVID-19 epidemiological updates (e.g., daily new cases
and death cases) and perceived severity, policymakers and
health educators need to realize this potential lag. This lag is
important to avoid underestimating difficulties in disseminat-
ing accurate information and promoting protective behaviors
within a short term.

Our findings demonstrate that perception and under-
standing of risks regarding a new public health threat is
complicated and evolving. In addition, people’s attention to
multiple dimensions of risk perceptions may show differ-
ent patterns. Policymakers and public health professionals
need to consider and monitor multiple dimensions of risk
perception through different pandemic time periods. Health
communication and education interventions can be tailored
along with the evolution of the public health emergency.
Social marketing and health communication campaigns are
needed to communicate using effective alerts and reminder
messages when people have “prevention fatigue.”

4.3 SDOH and risk perceptions

Risk perceptions were not just shaped by COVID-19 epi-
demiological trends but also other contextual factors such as
the SDOH of communities. Our study suggests that SDOH
such as income, race, education level, poverty, and health
insurance were correlated with discussions regarding risk
perceptions. Twitter users from socioeconomically vulnera-
ble counties showed lower attention on perceived severity
and susceptibility of COVID-19. Low educational attainment
could lead to low health literacy, which increases difficulties
in understanding health information (Friis, Lasgaard, Row-
lands, Osborne, & Maindal, 2016; Paakkari & Okan, 2020).
People with lower health literacy were more likely to report
less perceived susceptibility to COVID-19 (Bailey et al.,
2020). African Americans, influenced by their cultural con-
texts and health beliefs and a history of distrust in the health
system (Boulware, Cooper, Ratner, LaVeist, & Powe, 2016),
might underestimate their infection risk (Bailey et al., 2020;
Eiser & Ellis, 2007; Paakkari & Okan, 2020). For exam-
ple, a study on COVID-19-related tweets posted by African
Americans (n = 1763) from January 21 to May 3, 2020

reported that positive sentiments and optimism were uniquely
observed in African American Twitter communities. The per-
centage of topics like “Black strong” (27.1%) and “growing
up Blacks” (22.8%) was higher than COVID-19 prevention
behaviors such as encouraging social distancing (9.4%) and
masks wearing (4.7%) (Odlum et al., 2020). Another poten-
tial attributor of the low attention to COVID-19 risk is the
existing everyday challenges faced by this population. They
paid more attention to urgent needs regarding food secu-
rity, finances, and racism compared to COVID susceptibility
(Odlum et al., 2020).

Our results show a significant correlation between SDOH
and the level of attention/discussion regarding perceived
severity and susceptibility of COVID-19 among Twitter
users. This disparity of COVID-19 risk perceptions aligns
with the great health disparities seen in COVID-19 case rates
and clinical outcomes in the United States (Loomba et al.,
2021; Okonkwo et al., 2020; Zhang & Schwartz, 2020).
Given that people from counties with low SDOH may be
more likely to be exposed to the virus because of their
working conditions (e.g., they cannot work at home), low
awareness of risk could increase their vulnerability toward
COVID-19. These groups should be prioritized for health
education and promotion receiving tailored messages using
understandable and culturally appropriate language.

4.4 Limitations, implication, and future
studies

This study has several methodological limitations that require
attention in interpreting and generalizing the findings. First,
we need to be cautious about the representativeness of Twit-
ter users. Twitter is not universally used in the United States,
particularly among older and low-income populations. In
addition, not all Twitter users share their geolocation infor-
mation. Therefore, those who geotag their tweets may not be
representative of the wider Twitter population (Jiang, Li, &
Ye, 2019). Similarly, some rural counties may not be included
in our data analysis due to the small number their geotagged
tweets (as shown in Appendix Table 3). Therefore, the cur-
rent study based on Twitter data does not take the place of
survey-based studies using a representative sample of the
population but provides a supplementary approach to explore
similar research topics and examine robustness of findings
across methods. Second, we used indicator scores as proximal
indicators to quantify people’s attention (relative frequency
of tweet posts) to the three dimensions of the risk percep-
tions. We did not use existing validated instruments to assess
the level of perceived severity, susceptibility, or negative
emotions. Third, the keyword-based tweets retrieval method
may miss a small number of relevant tweets that did not
include common language regarding risk perceptions. Specif-
ically, keywords-based methods only capture tweets with an
exact match of terms. Indirect mentions of risk-perception
terms and subtle cues may be missed because human natu-
ral language is rich and dynamic. Text-mining methods, such
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as topic modeling would supplement to further strengthen
the understanding of people’s opinions. Fourth, in terms of
emotion, we only examined negative emotional reaction to
COVID-19 in the analysis. Self-efficacy and resilience could
be other dimensions of risk perceptions (Jahangiry et al.,
2020). Further studies are needed to investigate the trend
of positive emotional reactions over time during the pan-
demic. Finally, limited by the scope of the current study, we
were not able to elaborate the trajectories of RPI score dur-
ing the COVID-19 pandemic within county level because we
used an accumulated indicator score for each county. This
limits our examination of how perceived risk perceptions
change within a county over time and how this change may
be affected by SDOH. Although we conducted correlation
analysis between aggregated RPIs and county-level SDOH
variables, we still need to be cautious in interpreting results
since social media data and national-level survey data differ
across many features.

Despite these limitations, the current study suggests that
social media analysis integrated with geospatial data can be a
promising tool for real-time monitoring of risk perceptions
during a new public health threat. Examination of chang-
ing trends in tweets regarding multiple dimensions of risk
perceptions throughout the COVID-19 pandemic can help
governments, policymakers, and healthcare agencies frame
in-time, tailored, and appropriate responses to prevent the
pandemic’s spread in the United States. Living in a county
with relatively low SDOH was correlated with a low level of
attention to perceived severity and susceptibility of COVID-
19. Communities with low SDOH and high percentages of
African Americans need to be prioritized in health communi-
cation campaigns and interventions. Key messages in social
marketing and health promotion should be tailored in accor-
dance with patterns of changing trends about risk perceptions
throughout the pandemic.

To further advance our understanding regarding the com-
plexity of risk perceptions and its implications in the
COVID-19 context, this work could be expanded in several
ways. First, future work can explore the association of risk
perception and COVID mitigation measures and behaviors.
For example, examining the interaction between risk percep-
tions from tweets, COVID prevention behaviors, and other
potential confounding factors such as politics attitudes (e.g.,
support Trumps in 2020 election) would provide more insight
into factors that impact risk perceptions and behaviors. Sec-
ond, machine-learning algorithms for content analysis of
extracted COVID-19-related tweets can assist in understand-
ing the main themes around COVID-19 risks. In addition,
there is work to be undertaken exploring how people interact
with others when presenting risk perceptions in posts.

5 CONCLUSION

Risk perception about a new public health threat such
COVID-19 is complex and evolves in ways that may not
be accordant with epidemiological trends. People’s atten-

tion may also be differentiated across multiple dimensions
of risk perceptions (e.g., severity, susceptibility, and nega-
tive emotions). SDOH such as income, race, education level,
poverty, and health insurance were correlated with public
discourse on Twitter regarding risk perceptions. Socioeco-
nomically disadvantaged communities, unfortunately, may be
overly optimistic or giving less attention to perceived severity
and susceptibility of COVID-19 because of competing every-
day demands. These findings are crucial to inform effective
intervention strategies for COVID-19 vaccine administration,
prevent COVID-19 further outbreaks and handle other pub-
lic health crises in future. More empirical studies using other
data sources and novel analysis approaches are needed to
advance our understanding of risk perception theory as it
relates to new risks such as COVID-19.
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