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Abstract
Public sentiment toward the COVID-19 vaccine as expressed on social media can interfere with communication by public health agencies on the 
importance of getting vaccinated. We investigated Twitter data to understand differences in sentiment, moral values, and language use 
between political ideologies on the COVID-19 vaccine. We estimated political ideology, conducted a sentiment analysis, and guided by the 
tenets of moral foundations theory (MFT), we analyzed 262,267 English language tweets from the United States containing COVID-19 
vaccine-related keywords between May 2020 and October 2021. We applied the Moral Foundations Dictionary and used topic modeling and 
Word2Vec to understand moral values and the context of words central to the discussion of the vaccine debate. A quadratic trend showed 
that extreme ideologies of both Liberals and Conservatives expressed a higher negative sentiment than Moderates, with Conservatives 
expressing more negative sentiment than Liberals. Compared to Conservative tweets, we found the expression of Liberal tweets to be 
rooted in a wider set of moral values, associated with moral foundations of care (getting the vaccine for protection), fairness (having access 
to the vaccine), liberty (related to the vaccine mandate), and authority (trusting the vaccine mandate imposed by the government). 
Conservative tweets were found to be associated with harm (around safety of the vaccine) and oppression (around the government 
mandate). Furthermore, political ideology was associated with the expression of different meanings for the same words, e.g. “science” and 
“death.” Our results inform public health outreach communication strategies to best tailor vaccine information to different groups.
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Significance Statement

Social media has been frequently used as a platform for public discourse around vaccinations. We used moral foundations theory 
(MFT) to understand the moral underpinnings of how people with different political ideologies express attitudes toward the 
COVID-19 vaccine on Twitter. We find that people with more extreme ideologies share more similarities in vaccine attitudes— 
more negative sentiment—compared to people with a moderate ideology who exhibit more positive sentiment. Although the vaccine 
attitudes of Liberals stem from a wider set of moral values of care, authority, liberty, and fairness, the attitudes of Conservatives are 
predominantly rooted in the moral values of oppression and harm. This study is the first to examine political ideology, vaccine atti
tudes, and social media through the lens of MFT. These results have important implications for public health messaging, as Liberals 
and Conservatives may be more accepting of information around vaccination that align with their moral values. This knowledge can 
inform outreach communication strategies to best tailor vaccine information that resonates with different groups.
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Introduction
As of September 2022, more than 616 million people have been di
agnosed with COVID-19 worldwide, with more than 6.5 million re
ported deaths [1]. The infection rate and high contagion highlight 
the importance of an effective vaccine to prevent the further 
spread of the virus and mitigate effects for those infected.

However, hesitancy to get vaccinated can hamper the wide- 
scale adoption needed to achieve herd immunity, and vaccine 
hesitancy has contributed to disease outbreaks in the past [2]. 
A survey in May 2020 among 1,056 US respondents indicated 
that only half of respondents planned to get vaccinated against 

COVID-19 if a vaccine became available to them [3], and a longitu
dinal study between May and September 2020 showed that peo
ple’s intention to vaccinate decreased over time [4]. A recent 
survey conducted in April 2022 in the United States found that 
one in four adults remains unvaccinated, including one in six 
who say they will definitely not get vaccinated [5].

A major contributor to vaccine hesitancy is the dissemination of 
antivaccination information [6]. In particular, social media plat

forms such as Twitter have become a frequently used and influen

tial platform to express opinions and disseminate information and 

misinformation related to vaccination. Prior work found that 
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around 30 to 60% of vaccine information on social media contained 
antivaccination content [7], and that tweets expressing negative 
sentiment toward the vaccine and/or misinformation attracted 
more public engagement [8]. Common factors influencing people’s 
attitude toward the COVID-19 vaccine include the perceived sever
ity of COVID-19 [9, 10], perceived safety of the vaccine [11, 12], and 
trust in regulatory authorities [10].

Political ideology
Multiple survey studies have found a link between an individual’s 
political ideology and vaccine attitudes. Across studies in the 
United States, people who identified as Conservative were signifi
cantly less likely to report their intention to be vaccinated [3, 13, 14].

In the United States, Conservatives typically value tradition, 
whereas Liberals place more emphasis on equality [15]. While 
the US-based surveys mainly found a difference in COVID-19 vac
cine attitudes between Liberal and Conservative individuals, a 
study in France found a different trend [10]. Rather than a 
Left-Right axis, respondents who identified with radical parties 
and those who did not identify with any party (and did not vote 
in the most recent presidential elections) were significantly 
more likely to refuse the vaccine.

Moral foundations theory to understand 
vaccination attitudes
To better understand differences between people’s beliefs and opin
ions, previous studies have used moral foundations theory (MFT), 
which proposes five moral foundations upon which people base 
judgments and decisions [16]. Each of these foundations is framed 
as a polarity: (1) Care/Harm relates to caring for others and minim
izing harm; (2) Fairness/Cheating relates to equality and avoiding 
selfishness; (3) Loyalty/Betrayal relates to loyalty among group 
members; (4) Authority/Subversion relates to respect and obedience 
to authorities and respecting hierarchy; and (5) Sanctity/ 
Degradation relates to purity and avoiding contamination of the 
body or mind, such as unnatural toxins entering one’s body. More re
cent work has started including a sixth domain, (6) Liberty/ 
Oppression, which relates to a feeling of being dominated and re
stricted in liberty. Research linking moral foundations with political 
ideologies has found that political Liberals care most strongly about 
Harm and Fairness, whereas Conservatives care about Loyalty, 
Authority, and Purity in addition to Harm and Fairness [17, 15].

MFT was developed to explain differential reactions to societal 
topics that became politicized in the United States (e.g. abortion, 
gun control, stem cell research, immigration, death penalty, cli
mate change, vaccination). More extreme conservative and liberal 
political ideologies have politicized vaccine policies, particularly 
mandates. Former President Trump set in motion politicizing 
COVID-19 vaccination during the pandemic when he did not pub
licly endorse vaccination initially and promoted adopting alterna
tive unproven treatments [18]. Political rhetoric invokes moral 
judgments to reframe vaccination as the freedom to choose 
one’s own health decisions (not the government or health author
ities) including vaccination.

MFT has explained how deeply rooted intuitions or moral values 
influence and explain differential vaccine attitudes [19–21]. A survey 
study that used MFT to understand childhood vaccine attitudes 
among parents found that those rejecting vaccines endorsed moral 
foundations of Liberty, Harm, and Purity, whereas those accepting 
vaccines had a moral preference for Authority (indicating a trust 
for authorities that provide and recommend vaccination services) 
[22]. When thinking of common factors influencing vaccine 

attitudes, perceived safety of the vaccine and severity of COVID-19 
may be related to the foundations Harm and Purity, whereas trust 
in regulatory authorities is related to Authority. Although Rossen 
et al.’s study [22] considered political ideologies, they did not find 
an association between antivaccination attitudes and ideology.

MFT has also been used to understand moral values expressed 
on Facebook pages in support or opposition of (non-COVID-19) 
vaccination [23]. Pages that defended vaccines tended to focus 
on the value of the family (related to the moral foundation 
Care), whereas vaccine hesitancy pages were more focused on 
the value of freedom (related to the moral foundation Liberty). 
These findings suggest that differences in vaccine attitudes may 
be reflected in the type of topics and arguments used.

MFT has shown that people’s world views and realities can be 
very different for different ideologies. In this article, we use MFT to 
help explain underlying moral values for different vaccine attitudes 
according to political ideology. Previously, MFT has been used to 
understand differences in moral values for political ideologies on 
the one hand [24], and the theory has been used to look at differences 
in moral values for provaccine and antivaccine attitudes on the oth
er hand. However, to the best of our knowledge, a study is lacking 
bringing these elements together, to understand the link between 
political ideology and vaccine attitudes through the lens of MFT. 
This is important because Liberals and Conservatives may show a 
preference for different moral foundations in the specific context 
of the COVID-19 vaccine and accept information and beliefs that 
align with their moral values. In contrast, if information about taking 
the vaccine is at odds with the audience’s cultural and moral values, 
attempts to disseminate this information, say by public health agen
cies, may not resonate and instead may make people even less likely 
to get vaccinated [25].

Understanding differences in language use
Attitudes toward certain societal issues can be further reflected in 
someone’s language use [26]. The lexical hypothesis [27] is a theor
etical framework that proposes that individual characteristics 
such as personality can influence language. For example, person
ality traits can predict one’s language use both on social media [28] 
and in offline communication [29]. In addition, political ideology 
has been found to affect language use, shown with politicians 
[30, 31]: conservative politicians in US Congress have been found 
to use more language related to religion, tradition, power, and 
threat, whereas liberal politicians use more language related to so
cial issues, benevolence, and achievements. We therefore further 
explore how people’s political ideology and attitudes toward the 
COVID-19 vaccine are reflected in their word choice on Twitter.

Using Twitter to understand topics and sentiment
Twitter has frequently been used as a platform to discuss infor
mation related to vaccinations [32] and to share viewpoints on so
cial issues [33]. As such, Twitter can be a useful source to gauge 
sentiment and topics discussed in relation to COVID-19 vaccines, 
along with the overall expression of emotions and opinions during 
the pandemic. For example, a study analyzing COVID-19 tweets 
between December 13, 2019, and March 9, 2020, found 
COVID-19 sentiment to be associated with significant events: a 
negative sentiment increased toward the start of 2020 with the of
ficial announcement of COVID-19 [34]. While overall sentiment 
became more positive over time with more information about pro
tection against COVID-19, peaks in negative sentiment corre
sponded to national announcements of social distancing and 
mask-wearing policies. Topics on Twitter concerning COVID-19 
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related to news reports, complaints, misconceptions on how to 
control COVID-19, and attitudes toward COVID-19 and vaccina
tions [34, 35]. These studies, however, were not specific to the 
vaccine and were not linked to Twitter users’ individual charac
teristics, such as their political ideology.

In summary, while survey studies have highlighted differences 
between political ideologies in terms of their moral foundations, 
and previous work has looked at how political ideology is linked 
to differing vaccine attitudes, little work has examined how these 
differences are then expressed in online discourse to publicly ex
press opinions on COVID-19 vaccines, especially in a public sphere 
like Twitter. We examine whether groups with differing political 
ideologies discuss the COVID-19 vaccine differently, including 
whether the same words might convey different meanings. This 
understanding is crucial in developing effective outreach and 
communication strategies to inform people about the vaccine.

Our research questions investigate differences in sentiment, 
moral values, and language use between political ideologies on 
the COVID-19 vaccine, using Twitter data as follows: 

RQ1: Is there a relation between political ideology and sentiment 

toward the COVID-19 vaccine?

Previous survey studies have indicated that people who identi
fied as Conservative had a more negative sentiment toward the 
COVID-19 vaccine [3, 13, 14]. In this article, we test whether this 
relationship holds true online using Twitter data. Instead of ask
ing people to self-report their political orientation, we use a previ
ously validated algorithm that estimates users’ political ideology 
based on the Twitter accounts they follow [36, 37]. This method al
lows us to derive ideologies for users who may not explicitly state 
their political preference. 

RQ2: What moral values underlie attitudes toward the COVID-19 

vaccine, as expressed by different political ideologies?

Exposure to positive and negative sentiment toward the vaccine, es
pecially on social media, can affect people’s intention to get vaccinated 
[6]. As a public forum, opinions expressed on Twitter can be far- 
reaching. People’s moral values can influence the narrative they use 
to support their stance on various issues [23, 38]. Different attitudes to
ward the COVID-19 vaccine can be potentially traced to underlying 
moral values. The Moral Foundations Dictionary (MFD) [39] was devel
oped and validated to identify specific words that are associated with a 
moral foundation. A person’s political ideology can influence what mo
ral values appeal to them, with political Liberals generally caring most 
strongly about Harm and Fairness, whereas Conservatives also care 
about Loyalty, Authority, and Purity in addition to Harm and 
Fairness [15, 17]. Specifically, we use MFT to understand what moral 
values underlie disparate attitudes toward the COVID-19 vaccine. 

RQ3: How does language use reflect differences in political ideolo

gies in discussing the COVID-19 vaccine?

Language use can be informed by individual characteristics (i.e. 
the lexical hypothesis [27]). We therefore further explore how peo
ple’s political ideology and attitudes toward the COVID-19 vaccine 
are reflected in their word choice. Word usage may develop differ
ent meanings in separate groups, and arguments using selected 
words may resonate differently and appeal to different audiences 
(e.g. using scientific research as an argument to take the vaccine 
may appeal to some but not other audiences).

Results
The relation between sentiment and political 
ideology
Our first research question addressed whether a relationship ex
ists between political ideology and sentiment toward the 
COVID-19 vaccine. In plotting the ideology and sentiment scores 
(see Fig. 1), we observed a quadratic relationship between senti
ment score and political ideology. Sentiment scores were more 

Fig. 1. A plot of ideology and sentiment scores.
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negative for more extreme ideology scores (i.e. very Liberal and 
very Conservative users) in relation to more moderate ideology 
scores. However, those who are very Liberal (i.e. ideology scores 
<−1.5) showed a slightly positive sentiment, whereas those who 
are very Conservative (i.e. ideology scores >1.5) showed sentiment 
that is negative toward the COVID-19 vaccine.

We therefore added a quadratic term to model the relationship be
tween political ideology and sentiment. As sentiment toward the vac
cine may differ by region [40], we controlled for the US regions (see 
Fig. S1 for a map of the regions we used). Table 1 shows the fit indices 
for the model with and without the quadratic term. Adding a quad
ratic term to model 2 resulted in a lower BIC, as well as a marginal 
R2 increase, indicating that model 2 is a better fitting model.

Table 1 shows that both ideology score and region are signifi
cantly associated with sentiment score. Model 1 shows that the 
higher the ideology score (and thus, the more conservative the 
user), the more negative the sentiment of the tweet. Model 2 indi
cates a significant quadratic fit in the relationship between vac
cine sentiment and political ideology.

As shown in Table 2, the average ideological score for each US 
region tends to be liberal as the mean score within each region is 
negative. An analysis of variance test showed ideologies to be sig
nificantly different across regions, P < 0.001. Also, on average, 
each region has a positive sentiment toward the vaccine.

Moral values underlying COVID-19 vaccine topics 
and attitudes in different political ideologies
For our second research question, we first examine moral values 
in the tweets using the MFD [39]. Fig. 2 shows the percentage of 
words that correspond to the different foundations, comparing 
very Liberal, Liberal, Moderate, Conservative, and very 
Conservative tweets. See Methods for determining subgroups. 
Using MFD, the most prevalent moral foundations across tweets 
are Care/Harm and Authority/Subversion, with no significant dif
ferences between the political ideological groups.

Although MFD has been a widely used technique to understand 
morality in texts, the dictionary is not domain specific and con
tains limited terms. It is, therefore, possible that important words 
in our dataset for understanding moral values about vaccination 
may be missed. Furthermore, the MFD does not show the context 
in which certain moral values are applied: e.g. the foundation 
Care/Harm may be used in the context of vaccinating others 
and avoiding harm, but also in the context of being harmed by 
the vaccine itself.

To further understand the specific terms and topics discussed 
based on political ideology, we next describe the emergent topics 
and themes identified using topic modeling [41]. Topic modeling is 
a method to understand hidden semantic structures that might 
exist in the different ideological groups. Past research shows clear 
patterns underlying moral foundations of Liberals and 
Conservatives [15]. Also, Twitter debates are predominantly led 
by individuals with strong and more extreme political views [37]. 
We thus focus on very Liberal and very Conservative ideological 
groups only in this analysis as this may be more likely to reveal 
disparate structures in attitudes.

We ran one Latent Dirichlet Allocation (LDA) model for very 
Liberal tweets and one for very Conservative tweets, and used 
five-topic models based on the highest coherence score, which in
dicates the degree of semantic similarity between words within a 
topic (see Methods section). Tables 3 and 4 show the topics discov
ered by the two models, with keywords identified for each topic. 
We added a descriptive label for each topic to aid in interpretabil
ity (e.g. “receiving the second dose or booster”). Words for each 
topic are shown in a descending order according to its beta value, 
indicating its contribution to the topic (i.e. the first word is the 
most important word for each topic). The beta values of each key
word per topic are presented in Tables S1 and S2.

To aid in interpretability, we grouped similar topics under lar
ger themes. For example, two topics contained words related to 
the labels “receiving the second dose or booster” and “distribution 
and access to the vaccine.” These labels both relate broadly to the 
notion of getting the vaccine and were thus grouped together 
under a larger theme “Getting the vaccine.” We grouped the la
beled topics in the following four themes: Getting the vaccine, 
Safety, Trust, and the Government mandate (which can relate to 
mandates such as the mask mandate, vaccine mandate, and the 
stay-at-home order).

We next applied MFT to understand the moral underpinnings 
of the different expressions of the two ideological groups based 
on the topics. Table 5 summarizes how moral foundations were 
represented in the expression of opinions on the COVID-19 vac
cine for very Liberal and Conservative tweets. One author consid
ered each topic and whether it related to one or more of the six 
moral foundations. Interpretations were then assessed, and rea
sons for associating topics with specific foundations were dis
cussed among authors until agreement was reached.

Among Liberal tweets, we interpreted topics to be related to 
moral foundations of Liberty (related to the mandate), Care (get
ting the vaccine to protect against the virus), Authority (trusting 

Table 1. Models predicting sentiment score.

Model 1 Model 2

Predictors β Std. error t-value β Std. error t-value

(Intercept) 0.0176 0.0010 16.807*** 0.0281 0.0012 22.742***

Ideology score −0.0029 0.0004 −6.603*** −0.0045 0.0005 −10.064***

Midwest 0.0025 0.0020 1.253 0.0028 0.0020 1.401
South 0.0011 0.0014 0.758 0.0015 0.0014 1.072
Northeast 0.0063 0.0015 4.234*** 0.0059 0.0015 3.989***

Ideology score2 −0.0062 0.0004 −15.698***

BIC −105936.2 −106144.6
N 19,191 19,191
Observations 262,267 262,267
Marginal R2/conditional R2 0.0005/0.0617 0.0026/0.0615

The dependent variable is vaccine sentiment, and the reference category for region is West. model 2 includes the quadratic term of the ideology score. 
***P < 0.001.

http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgad013#supplementary-data
http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgad013#supplementary-data
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regulatory authorities regarding the vaccine), and Fairness (hav
ing access to the vaccine). Among Conservative tweets, we consid
ered topics to be associated with moral foundations of Oppression 
(around the government mandate) and Harm (around effective
ness of the vaccine). We next describe our justification for deriving 
these moral foundations.

Liberal tweets discussed the government mandate (topics TL2 
and TL3). Because a mandate can be seen as restricting people 
in their personal liberty and is often discussed in the context of 
civil rights issues in mandating vaccination [21], we consider these 
topics to be associated with the moral foundation of Liberty. The 
mandate is discussed using terms such as love, care, safe, and pro
tect, suggesting that Liberal users discuss the mandate as being 
protective against COVID-19, and the moral foundation of Care 
may underlie these topics. It also suggests that they trust the gov
ernment mandate, suggesting the topics may be related to the 
moral foundation of Authority. Finally, Liberal tweets write about 
distribution and access to the vaccine (topic TL5), which can be as
sociated with fair access to the vaccine and the foundation of 
Fairness. Thus, the topic modeling suggests that those with very 
Liberal political orientations express attitudes of vaccines in 
terms of caring for others; viewing authority as promoting the 
good of vaccines for citizens; that public health may be more im
portant than personal liberty; and fairness in enabling people to 
get the vaccines.

Conservative tweets also discussed the government mandate 
(topics TC1, TC2, and TC3). However, in contrast, they refer to 
the mandate using the terms of force, choice, body, and freedom. 
These terms suggest that the discussion is likely around limits on 
free choice and liberty, suggesting that the moral foundation of 
Oppression underlies it.

Conservative tweets further included a topic about trust in the 
effectiveness of the vaccine (topic TC4). The presumed effective
ness of the vaccine is often used as an argument to take the vac
cine (to protect and care for others) or not take it (to mitigate harm 
from the vaccine) [22]; thus, we also associate this topic with the 
foundation of Harm.

Finally, topic TC5 (safety) refers to the spread of COVID-19 and 
the risk of death, which suggests that the moral foundation of 
Harm underlies it. Therefore, the topic modeling results suggest 
that those with very Conservative political ideologies express mo
ral arguments in terms of how the vaccine might cause harm and 
in terms of how the vaccine initiative deprives individual liberties.

In summary, the MFD shows that the most prevalent moral 
foundations are Care/Harm and Authority/Subversion, without 
large differences between the political ideological groups. The 
topic modeling shows more nuance. Political ideologies express 
attitudes on the two ends of the Care/Harm spectrum: caring for 
others (Liberals) vs the vaccine being harmful (Conservatives). 
Also, very Liberal tweets discuss authority as promoting the 
good of vaccines for citizens and public health as more important 
than personal liberty; very Conservative tweets rely on the 
Liberty/Oppression foundation in terms of how the vaccine man
date impacts individual liberties.

Understanding language use of the COVID-19 
vaccine
To answer our third research question on how language use re
flects differences in political ideologies, we identified several 
themes. Two overarching themes present in both ideology groups 
related to (1) Safety (around COVID-19 and the vaccine), and (2) 
the Government mandate/Trust in authorities (on the vaccine). 
To explore the context in which these themes were discussed 
and to understand how the same words might be used differently 
based on political ideology, we employed Word2Vec [42]. 
Word2Vec is a natural language processing technique used to 
learn word associations and to discover which words are used in 
a similar way based on the context in which they are used. It 
can be used to elaborate on and distinguish meanings among 
words.

We trained two Word2Vec models to compare whether the 
same word might be used in different contexts for Liberals and 

Conservatives such as “death” or “science.” Within each corpus 

of tweets, the Word2Vec models show the similarity of words 

based on context and co-occurrence. From the topic models, we 

first considered all terms related to the two themes of safety 

and the government mandate/trust. Through discussion among 

the authors, the following words were considered to be most cen

tral to discussions on vaccine attitudes: safe, effective, death, 

side_effect, die, sick, kill, protect, love, risk, spread, test, prevent, 

trial, child, symptom (relating to the safety theme) and mandate, 

right, believe, trust, force, require, mandatory, news, doctor, sci

ence, potus, government, push, fauci, trump (relating to the gov

ernment mandate and trust theme). We then used Word2Vec’s 

similarity feature to identify the most similar words for each 

word and explore the contexts in which each word is used by 

the different ideological groups.
The full results for each term are included in Tables S3–S6. 

Here, we describe the results of a subset of the aforementioned 
terms that in our view best illustrate the differences between 
ideologies: “death,” “effective,” “safe,” “science,” “force,” and 
“choice.” Table 6 shows the most similar words for each of these 
terms. The words are shown in the descending order where the 
first word is most similar to that term, then the next more similar, 
etc. The similarity values of each word per term are included in 
Tables S3–S6.

Overall, the results suggest that the diverse ideology groups 
discuss the two themes of safety and government mandate/trust 
from two different stances. Liberals tend to use the word “Death” 
in the context of vaccines preventing illness and death as indi
cated by the top words “prevent, serious-illness.” This is supported 
in our examination of specific Liberal tweets from which the 
Word2Vec results originate, e.g. “Thanks. I feel very lucky. I’m 
hoping everyone will get this vaccine so we can end 4,000+ deaths 
a day in this country.” On the other hand, Conservatives use the 
word “Death” in the context of reported cases of death, as indi
cated by the top words “Report, high case rate.” The tweet content 
backs this up, suggesting “death” refers to reporting death rates 
due to the vaccine (“Why is no one reporting the deaths and other 
adverse reactions due to the vaccine?”; “The media are fools, they 
are not reporting on the thousands of deaths caused by taking the 
vaccine”).

Second, for the word “Science,” the closest words in Word2Vec 
for Liberals are “Believe,” “Trust,” “Pro.” For example, a Liberal 
tweet reads: “I believe in science and vaccines.” For 
Conservatives, the closest word to “Science” is “Lie,” and 
Conservative tweets show a more negative sentiment toward 

Table 2. Average sentiment and ideology scores by region.

Region
Mean sentiment 

score
Mean ideology 

score
Number of 

tweets

West 0.015 −0.433 80,136
Midwest 0.018 −0.135 26,915
South 0.016 −0.083 85,512
Northeast 0.022 −0.398 69,704

http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgad013#supplementary-data
http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgad013#supplementary-data
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science: “Yeah that’s a no for me, dawg. I don’t believe the science 
suggests that young people should be vaccinated.” These results 
suggest distinct beliefs: Liberals trust science of the vaccine; 
Conservatives associate science about the vaccine with lies. 
Conservative tweets use “choice” and “force” similarly to “body,” 
“freedom,” and “right” (“Why I’m NEVER TAKING THE 
’VACCINE’!!! #MYBODYMYCHOICE I WILL NOT BE FORCED BY 
SOCIAL SHAMING”), whereas Liberal tweets use words like 
“choice” and “force” similar to “selfish” (“Refusing the vaccine is 
not a ’personal choice’, it is a collective one. Your selfishness 
will likely cause harm (and potentially death) to not only yourself, 
but also others.”). This suggests that Conservatives may express 
that the government mandate is limiting free choice over their 
bodies, while Liberals may regard this argument as being selfish.

Discussion
Previous studies have used MFT to understand differences be
tween political ideologies [24] and differences between provaccine 
and antivaccine attitudes [22]. Our study brings these elements 
together to understand the link between political ideology and 
vaccine attitudes on social media through the lens of MFT. By 
examining these linkages, we find that Liberals use a broader 
range of moral values than Conservatives within the specific con
text of COVID-19 vaccine discussions on Twitter. This finding 
highlights the importance of studying unsolicited opinions as ex
pressed on social media, an important mode of communication 
related to expressing vaccine attitudes [32]. It can be a useful 
source to gauge people’s sentiment on social issues [33].

Political ideology and vaccine sentiment
Our results confirm previous work showing Conservatives ex
pressed more negative sentiment toward the COVID-19 vaccine 
[3, 13, 14]. We build on this work showing a quadratic relationship: 
moderate political ideologies have the most positive sentiment to
ward the vaccine. Other studies have clustered individuals into 
categories of Republican and Democratic [4]. Our results suggest 
that it is not just the orientation of one’s ideology but also the in
tensity of ideology, which matters in vaccine attitudes. Our study 
raises a question for future research: Why do extreme political 

ideologies—both on the right and left—tend to have less positive 
views toward vaccines than moderates? Some research suggests 
that degree of conservatism is linked with susceptibility and 
spread of misinformation [43], which could account for the 
more negative sentiment of very Conservative individuals.

Using MFT to understand vaccine attitudes
MFT identifies “intuitive ethics” that guide people’s behavior and 
may be informative for informing effective vaccine messaging. 
COVID-19 vaccine uptake has presented considerable policy and be
havior adoption challenges during the pandemic [8]. Results from 
our study show first that morality dimensions characterize 
COVID-19 vaccine discussions on Twitter. Results that evaluated 
the frequency of moral foundation terms used, rather than the con
text in which these were used, showed that all six moral foundations 
were expressed in some capacity in Twitter discussions, and that 
Care/Harm and Authority/Subversion were expressed most fre
quently among very Liberal and Conservative political ideologies. 
These findings are consistent with a Twitter COVID-19 vaccine study 
that found that vaccine hesitancy profiles predominantly expressed 
Care/Harm and Authority/Subversion morality dimensions [21].

LDA topic modeling contextualizes COVID-19 vaccine discus
sions to a greater extent. In contrast to the prior literature that 
has shown Conservatives rely on an expanded range of moral di
mensions when interpreting politicized social topics beyond just
ice and care in the US [16], for COVID-19 vaccination discussion on 
Twitter, this is not the case: very Liberals rely on four morality di
mensions, whereas very Conservatives rely on two, namely, Care/ 
Harm and Liberty/Oppression. Moreover, the Word2Vec results 
indicate that when these moral dimensions are expressed, the 
same words are used (e.g. science, death) to express diametrically 
opposed moral dimensions by very Liberals and Conservatives.

An analysis by the Dutch Government’s dissemination of a 
public health vaccine communication campaign before the pan
demic (2011–2019) found that Authority/Subversion and Liberty/ 
Oppression moral framings used in brochure vaccine messaging 
distributed to households by the government had a significant as
sociation with vaccine uptake, while Care/Harm and Loyalty/ 
Betrayal did not [20]. This is one of the few studies to show a sig
nificant effect of public health vaccine messaging using moral 

Fig. 2. The percentage of words associated with moral foundations across different ideology groups.
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framing as a driving contributor to vaccine adoption. Political 
ideology, however, was not taken into account and is important 
as the US context has uniquely politicized COVID-19 vaccination 
under the Trump administration [18, 44, 45].

Another Twitter study on the COVID-19 vaccine in 2022 identi
fied nine COVID-19 vaccine hesitancy profiles in which stance to
ward Authority/Subversion and Care/Harm moral framings 
shaped vaccine ambivalent profiles [21]. This study’s findings em
pirically showed the important role that moral framing plays in 
contributing toward vaccine confidence in a social media context. 
Political ideology however, was not taken into account as we did.

Research on vaccine messaging before the pandemic found that 
moderately hesitant parents were twice as likely to emphasize 
Purity/Degradation morals and very vaccine hesitant parents 
were twice as likely to emphasize Purity/Degradation and Liberty/ 
Oppression [19]. In public health vaccine messaging, care and fair
ness morality dimensions often implicitly underlie vaccine mes
sages despite little evidence about whether such moral frames 
effectively motivate subgroups to vaccinate. Two studies examin
ing the effectiveness of moral framing in motivating vaccine 
adoption found favorable effects among vaccine hesitant audien
ces when using Authority/Subversion, Liberty/Oppression, and 
Purity/Degradation [19, 20].

Implications for public health messaging
Public health vaccine communication may benefit from tailoring 
vaccine messaging not only by political ideology but also by moral 
foundations. To more effectively reach Conservatives who have 
not yet vaccinated, public health messaging may need to use a 
broader repertoire of moral vaccine messaging. Vaccine messa
ging framed as granting the freedom to choose and make one’s 
personal health decisions may lead to greater message accept
ance among Conservative subgroups who respond to oppres
sion/liberty moral values. Reimer et al.’s [46] research showed 
that subgroups who had stronger endorsements of fairness and 
loyalty messaging were more likely vaccinated. Messaging that 
opens with “Vaccinating is your own choice” before emphasizing 
other aspects of vaccination may function as a “foot in the door” 
communication strategy [47, 48] to lessen the possibility of react
ance against vaccine messaging among Conservative subgroups. 
Traditional public health messages that evoke care and fairness 
moral dimensions may simply not offer an effective strategy nor 
provide the motivation for behavior change in politicized contexts 
in the United States. Future research may broaden our under
standing for why and in what contexts evoking certain moral 
foundations may reduce vaccine hesitancy.

Table 3. The topics and themes in very Liberal tweets about the COVID-19 vaccine.

ID Theme Label Most common words Contr. (%)

TL1 Getting the 
vaccine

Receiving the second dose or 
booster

Work good dose second need first trump tell fully shot mask year give shoot way 
booster receive thank help coronavirus hope available new day sure never 
mandate republican passport wait

24.0%

TL2 Safety The mask mandate to care for 
Americans

Make mask trump mandate require think day virus feel johnson free shot today 
first biden put care american use love much need start flu work life anti give 
wait mean

21.8%

TL3 Safety Safety and effectiveness of the 
mandate at schools

Need think mandate first school day mask thing fully thank make effective feel 
good require safe friend shot rate back child state low soon give test work hear 
receive virus

19.2%

TL4 Trust Trust in COVID-19 prevention 
behavior

Today fully die dose mask appointment work think trump shot right refuse need 
yet family try wear america stop second give science death rate believe actually 
protect new week kid

18.5%

TL5 Getting the 
vaccine

Distribution and access to the 
vaccine

First need right refuse state dose ask fully week today card appointment eligible 
happen county able person day think show kid life tell give point already 
mandate effective new site

16.5%

The percentage column indicates the percentage of words in the dataset that are grouped under this topic.

Table 4. The topics and themes in very Conservative tweets about the COVID-19 vaccine.

ID Theme Label Most common words Contr. (%)

TC1 Government 
mandate

Mask mandate and protection, 
individual choice over body

Trump mandate mask need never work make test flu thank protect 
biden passport give die state person tell first maybe choice require 
president thing back refuse issue news johnson body

23.1%

TC2 Government 
mandate

Force of government mandate to 
prevent the spread of COVID-19 from 
China

Need virus give biden year force make mandate good call fully work flu 
first trump think business china right death joe plan day tell feel 
require cdc dose spread never

21.1%

TC3 Government 
mandate

Force of government mandate and 
trusting government advice

Mandate work virus mask make passport government think tell 
joebiden need fake fully free point actually ever force right new good 
lie rate world fauci hear last biden today wear_mask

20.1%

TC4 Trust Trust in government mandate and 
vaccine effectiveness

Trump biden child work stop effective mask need die make think good 
way mandate believe receive american use trust tell coronavirus 
already fully death president year require spread develop anti

18.4%

TC5 Safety Spread of COVID-19 and risk of death Stop make think virus biden die spread show need mask death right 
cdc trump shot use approve potus fully push mandate sure work try 
trial kid lie exactly care vaccinate

17.3%

The percentage column indicates the percentage of words in the dataset that are grouped under this topic.
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Difference in language use will be important to consider when 
developing effective outreach and communication strategies to 
inform people about the vaccine knowing that certain words 
and arguments may resonate differently and appeal to different 
audiences (e.g. using scientific research as an argument to take 
the vaccine may appeal to some but not other audiences). Echo 
chambers might be using language common within groups but 
different across groups [49]. Literature has shown this to be the 
case for vaccine messaging by political ideology [50]. Universal 
vaccine messaging may in fact have difficulty using language 
that resonates with everyone.

Limitations
Twitter data may not represent the broader US opinion, as many 
users are young (ages 18 to 29 comprise 42% of users), are more 
likely to identify as Democrat, have high education and incomes, 
are men (62%), and are concentrated in urban and suburban areas 
[51]. Tweets are also not equally distributed among users: a small 
group of users tweet more than others.

Although the MFD did not show a clear difference between pol
itical groups, the topic modeling showed that Liberals seem to rely 
on a broader range of moral foundations than Conservatives. This 
difference in results may be because our dataset contains moral 
terms not included in the MFD that were apparent in the topic 

modeling, such as “mandate,” “choice” (related to Liberty/ 

Oppression), and “eligible” (related to Fairness/Cheating). To 

understand what moral values underlie attitudes toward the 

COVID-19 vaccine, we used two techniques: we used the MFD to 

extract moral values from tweets and then analyzed the moral 

values from the topic modeling qualitatively. By using this com

bination of techniques, we were able to get a more holistic view 

of moral values. The MFD is intended to be applicable to a wide 

variety of texts and therefore only includes a limited set of terms. 

In response to this limitation of using a standardized lexicon, 

some studies have developed their own modified and/or expanded 

versions of the dictionary [20, 52]—see Fig. S2 for a comparison 

with the MoralStrength [53] lexicon. It would be worthwhile to 

conduct follow-up studies to develop an extended dictionary in

cluding words that are more common in the vaccine debate.
The issue of vaccination attitudes is complex, and there are 

other factors besides political ideology such as social determi
nants of health and barriers to vaccine access that influence vac
cine uptake [54]. In addition to targeted messaging, it is important 
to highlight and further study the need for easy access to health 
services.

Finally, our study considered data from May 15, 2020, to 
October 31, 2021. Our results can generalize to earlier time periods 
of a pandemic (in this study, 17 months, but future work needs to 

Table 5. Moral foundations found in topic modeling results, in expressing attitudes toward the COVID-19 vaccine in Liberal and 
Conservative tweets.

Foundation Liberal tweets Conservative tweets

Authority/ 
Subversion

Liberal tweets discussed the government mandate using terms 
such as “required,” “safe,” and “good,” suggesting they agreed 
with adherence to restrictions imposed by regulatory 
authorities.

Care/Harm Liberals discussed getting the vaccine, and the vaccine 
mandate was discussed using terms such as “love,” “care,” 
“safe,” and “protect,” suggesting the vaccine is considered to 
protect against COVID-19.

Conservative tweets included topics related to harm such as 
risk of death and trust in the effectiveness of the vaccine, 
using words such as “die,” “fake,” and “lie.”

Fairness/Cheating Liberal tweets included one topic related to distribution and 
fair access to the vaccine.

Liberty/Oppression Liberal tweets included topics related to the government 
mandate.

Conservative tweets relied on this foundation by discussing 
the government mandate being forced and limiting free 
choice.

Loyalty/Betrayal Not present in the topic modeling results.
Sanctity/Degradation Not present in the topic modeling results.

Table 6. The most similar words to the terms “death,” “effective,” “safe,” “science,” “force,” and “choice,” obtained from the Word2Vec 
models for Liberal and Conservative tweets.

Theme Term Word2Vec results (liberal) Word2Vec results (conservative)

Safety Death Prevent serious_illness infection spread hospitalization virus 
variant risk transmission readily

Report case high rate cdc die cause fully study injury

Safety Effective Variant study thoroughly mrna studies_suggest scientifically 
protection efficacy safe thus_far

Safe antibodies wuhan_chinese month mrna immunity 
flu year study side_effect

Safety Safe Effective prove protect thus_far keep rigorously variant 
symptom delta cld

Prove less survival_rate deadly illness transmission 
symptom delta variant mutate

Govt. mandate/ 
Trust

Science Believe trust pro understand true trump_supporter expert fact 
change politic

Lie believe actually understand stupid fuck keep stop 
work worry

Govt. mandate/ 
Trust

Force Fox_news fox foxnews cop selfish moron block democrat 
freedom fire

Freedom right demand government illegal protest 
refuse company comply governor

Govt. mandate/ 
Trust

Choice Freedom selfish foxnews fucking choose point reason force 
moron fox_news

Body without_risk risk choose life abortion freedom 
right care pro

http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgad013#supplementary-data
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examine vaccine attitudes reflected in Twitter for longer time 
periods).

Conclusion
Our research contributes to a growing body of literature on the ef
fective use of moral framing to motivate COVID-19 vaccine behav
ior. This study advances a more nuanced understanding of the 
differential role that political ideology and underlying moral argu
ments play for understanding vaccine attitudes and reactions to 
public health vaccine messaging especially in the United States. 
Extreme ideologies of both Conservatives and Liberals expressed 
a more negative sentiment than Moderates, with Conservatives 
expressing more negative sentiment than Liberals. We found 
the expression of Liberal tweets to be rooted in a wider set of moral 
values (care, authority, liberty, fairness) than Conservative tweets 
(harm and oppression). Finally, specific words, such as death and 
science, used differently among Liberals and Conservatives may 
make it difficult to develop universal messaging that will resonate 
with everyone. Public health vaccine communication may instead 
benefit from tailoring vaccine messaging by moral values depend
ing on the intended audience, such as emphasizing the notion of 
free choice to Conservatives or framing vaccination to care for 
others to a Liberal audience.

Materials and methods
Data collection and filtering
We utilized the Twitter COVID-19 Streama to retrieve the initial 
dataset used in this study. The stream was filtered with a list of 
COVID-19-related terms defined by Twitter.b Tweets were col
lected from the stream from May 15, 2020, to October 31, 2021. 
The initial dataset contained 3.4 billion tweets with original 
tweets and retweets. After filtering on US location and removing 
duplicate tweets and retweets, the dataset was reduced to 
539,652 tweets. After filtering the dataset to only include users 
for whom we were able to estimate their political ideology, the fi
nal dataset included 262,267 tweets.

Geo-filtering and Geo-tagging
A coarse granularity geo-filtering was applied to the collected fil
tered stream dataset based on the “country_code” field tagged by 
Twitter. As the study was concerned with COVID-19-related tweets 
in the United States, we included tweets with “US” as the “coun
try_code” tag. Since only the original tweets have geo-information 
from Twitter, we also filtered out any retweets in this step.

Although the collected tweets already have geo-tagging from 
Twitter, some of the tags are county name, state name, or country 
name, which are not accurate enough. Thus, further geo-tagging 
was applied to each tweet, which converted all place names into 
approximated coordinates.

US regions
We used the regions determined by the US Census [55] to analyze 
the average ideology score based on the user’s geo-location. The 
US Census categorizes the United States into four main regions: 
northeast, midwest, south, and west. Fig. S1 includes a map show
ing US states within each region.

Data preprocessing
Before data analysis, words were converted to lower case, and the 
Python package gensim [56] was used to remove white space, 

URLs, emoticons, symbols, and punctuation. Standard English 
stopwords included in the Python package SpaCy [57], such as 
“I” and “the,” were removed (additional custom stopwords are in
cluded in the SI Appendix).

The package gensim was also used to detect common bigrams 
and trigrams. Bigrams and trigrams that occurred 100 times or 
more in the dataset were included as tokens and recognized as 
key words by the LDA model during topic modeling.

Calculating sentiment and ideology scores
The R library sentimentr [58] was used to assign a continuous sen
timent score for each tweet ranging from −2 (negative sentiment) 
to +2 (positive sentiment).

We adopted Barbera et al.’s methodology [36] to estimate users’ 
political ideology. The estimation was based on the assumption 
that the more liberal or conservative accounts a user follows, 
the more likely that user identifies with the same ideology. The al
gorithm has been validated in prior work by estimating the ideol
ogy of known democrats on Twitter (e.g. Barack Obama) and 
known conservatives (e.g. George Bush) [37]. To further check re
liability with our dataset, we randomly sampled six Twitter users 
from our dataset. Three members of our research team independ
ently coded the political ideology of each user and compared this 
with the estimated ideology, further validating the algorithm (see 
the SI Appendix for inter-rater reliability assessment). We used 
the Python package tweepy [59] to scrape the Twitter accounts 
that each user follows, and the R library tweetscores to estimate 
users’ ideology score [36]. The tweetscores package included pre- 
estimated ideologies for well-known political accounts and media 
outlets (e.g. CNN or Fox News) and calculated a user’s ideology 
score based on the accounts they followed. There were no cut-off 
points for the ideology scores: the more negative or positive a 
score, the more liberal or conservative was the user, respectively. 
In the analyses, we only included users and tweets for which an 
ideology score could be calculated. This resulted in a dataset of 
262,267 tweets from 19,191 unique users.

Previous research has found that Twitter debates are predom
inantly led by individuals with strong political views [37]. For the 
topic modeling and Word2Vec analyses, we therefore compared 
two subsets of the dataset with more extreme ideologies: those 
with scores lower than −1.5 (labeled as “very Liberal”) and those 
with scores higher than 1.5 (labeled as “very Conservative”). We 
chose these cut-off points based on prior work, which found 
ideologies to become more extreme beyond -1 and 1 [37] as well 
as the distribution of sentiment scores in our dataset, which 
showed a trend of becoming more negative for users with ideology 
scores beyond −1.5 and 1.5 (see Fig. S3 for a comparison of differ
ent cut-off points). The very Liberal group contained 59,570 tweets 
from 4,344 unique users with mean ideology score of −1.87. The 
very Conservative group contained 31,535 tweets from 2,073 
unique users with mean ideology score of 1.84.

Modeling sentiment and ideology LMER model
We used Linear Mixed Effects Regression (LMER) [60] in R to run a 
linear mixed-effects model to investigate the relation between 
political ideology and sentiment, and compared the two models. 
Both models used a tweet’s sentiment score as a dependent 
variable.

Moral Foundations Dictionary
We used the MFD [39], a validated dictionary which contained 
stemmed words related to each moral foundation. For the Liberty/ 

http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgad013#supplementary-data
http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgad013#supplementary-data
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Oppression foundation, we used the list of words used in the study 
by Teernstra et al. [61]. After preprocessing the data, we searched 
the tweets for terms listed in the MFD. If a term in a tweet matched 
with an MFD term, the word was counted. For each tweet, we divided 
the occurrences of words from the dictionary by the total number of 
words in the original tweet, to get a percentage for each moral foun
dation. We took the average values of very Liberal (with ideology 
scores of −1.5 or lower), Liberal (scores between −1.5–0.5), 
Moderate (scores between −0.5–0.5), Conservative (scores between 
0.5–1.5) and very Conservative (scores of 1.5 or higher) tweets to com
pare the presence of moral values for each group.

Topic modeling
We used LDA [41] for topic modeling, a widely used method in oth
er COVID-19-related Twitter work [34, 62]. LDA tends to have bet
ter performance on large datasets than alternatives and provides 
easy to interpret results [63]. To compare LDA performance, we 
ran two alternative modeling techniques on our dataset 
(GSDMM and NMF); GSDMM did not converge and NMF produced 
a lower coherence score using the UMass coherence score [64] 
from the gensim package for comparison. LDA was therefore se
lected as a method.

Choosing the number of topics was based on the coherence 
score, which evaluates topics by measuring the degree of seman
tic similarity between words within a topic. A topic model was 
considered good if words in a topic are similar. Following prior 
work [35, 65], we used a combination of four metrics specific for 
LDA models to identify the best number of topics (the SI Appendix 
includes more detail on the metrics, and Figs. S4 and S5 plot co
herence scores by number of topics). The Python package gensim 
and R package ldatuning [66] were used to compute the scores for 
models ranging from 2 to 40 topics. Models with four to eight 
topics produced the highest coherence scores; after a manual 
comparison, we used five as the optimal number of topics (i.e. 
this model produced the most distinct topics with minimal over
lap). Two models were trained, one for “very Liberal” tweets and 
one for “very Conservative” tweets. These models allowed us to 
compare differences in topics between ideology groups. We used 
MFT to interpret commonly discussed topics and related these 
to moral foundations.

Although unsupervised topic modeling is advantageous in ex
tracting topics in a nonsubjective manner, researchers are needed 
to interpret the topics and identify larger themes [34]. To context
ualize findings from unsupervised learning, we therefore em
ployed a qualitative approach to extract themes. We started 
with a single researcher to identify themes that allowed for con
sistency and interpretation of topics. To check reliability, topic la
bels and themes were assessed among the rest of the authors. As 
an understanding of the data was developed, the first author itera
tively reviewed and refined themes in discussion with the other 
authors. This process is common in topic modeling and qualita
tive research [34, 67].

Word2Vec
We used the Word2Vec implementation [42] in the gensim pack
age to look at the context of specific words related to themes 
found by both political ideologies. This allowed us to understand 
how people’s attitudes toward the vaccine were reflected in their 
language use. We used the Continuous Bag of Words (CBOW) im
plementation, in which the surrounding words are used to predict 
a specific word. The Word2Vec model mapped words into a high- 
dimensional vector space so that words used in a similar way were 

close to each other. Words used in a similar context presented 
similar vectors. Two Word2Vec models were trained: one for 
“very Conservative” tweets, and one for “very Liberal” tweets. 
These two models allowed us to compare whether the same 
word was used differently depending on a user’s political ideology.

Notes

a. https://developer.twitter.com/en/docs/twitter-api/tweets/covid- 
19-stream/overview

b. https://developer.twitter.com/en/docs/twitter-api/tweets/covid- 
19-stream/filtering-rules
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51 Odabaş M. 2022. Ten facts about Americans and Twitter. 
[accessed 2023 Feb 07]. https://www.pewresearch.org/fact- 
tank/2022/05/05/10-facts-about-americans-and-twitter/

52 Matsuoid A, Sasaharaid K, Taguchi Y, Karasawa M. 2019. 
Development and validation of the Japanese Moral 
Foundations Dictionary. PLoS ONE. 14(3):e0213343.

53 Araque O, Gatti L, Kalimeri K. 2020. Moralstrength: exploiting a 
moral lexicon and embedding similarity for moral foundations 
prediction. Knowl Based Syst. 191:105184.

54 Attwell K, Hannah A, Leask J. 2022. COVID-19: talk of “vaccine 
hesitancy” lets governments off the hook. Nature. 602:574–577.

55 U. S. C. Bureau. Geographic levels. [accessed 2023 Feb 07]. https://www. 
census.gov/programs-surveys/economic-census/geographies.html
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