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T
he spread of SARS-CoV-2, the causative agent of COVID-19, 
has resulted in an unprecedented global public health and eco-
nomic crisis1,2. The outbreak was declared a pandemic by the 

World Health Organization on 11 March 20203, and development of 
COVID-19 vaccines has been a major undertaking in fighting the 
disease. As of December 2020, many candidate vaccines have been 
shown to be safe and effective at generating an immune response4–6, 
with interim analysis of phase III trials suggesting efficacies as high 
as 95%7–9. At least two vaccine candidates have been authorized for 
emergency use in the USA10,11, the UK12,13, the European Union14 
and elsewhere, with more candidates expected to follow soon. For 
these COVID-19 vaccines to be successful, they need to be not only 
be proven safe and efficacious, but also widely accepted.

It is estimated that a novel COVID-19 vaccine will need to be 
accepted by at least 55% of the population to provide herd immu-
nity, with estimates reaching as high as 85% depending on country 
and infection rate15,16. Reaching these required vaccination levels 
should not be assumed given well-documented evidence of vac-
cine hesitancy across the world17, which is often fuelled by online 
and offline misinformation surrounding the importance, safety 
or effectiveness of vaccines18–20. There has been widely circulating 
false information about the pandemic on social media platforms, 
such as that 5G mobile networks are linked with the virus, that vac-
cine trial participants have died after taking a candidate COVID-19 
vaccine, and that the pandemic is a conspiracy or a bioweapon21–23. 
Such information can build on pre-existing fears, seeding doubt and 
cynicism over new vaccines, and threatens to limit public uptake of 
COVID-19 vaccines.

While large-scale vaccine rejection threatens herd immunity 
goals, large-scale acceptance with local vaccine rejection can also 

have negative consequences for community (herd) immunity, as 
clustering of non-vaccinators can disproportionately increase the 
needed percentage of vaccination coverage to achieve herd immu-
nity in adjacent geographical regions and encourage epidemic 
spread24. Estimates of acceptance of a COVID-19 vaccine in June 
2020 suggest that 38% of the public surveyed in the UK and 34.2% 
of the public in the USA would accept a COVID-19 vaccine (a fur-
ther 31% and 25% were, respectively, unsure that they would accept 
vaccination against COVID-19)25. Worryingly, more recent polling 
in the USA (September 2020) has shown significant falls in will-
ingness to accept a COVID-19 among both males and females, 
all age groups, all ethnicities and all major political groups26, pos-
sibly due to the heavy politicization of COVID-19 vaccination in 
the run up to the 2020 presidential election on both sides of the 
political debate27,28. The public’s willingness to accept a vaccine is 
therefore not static; it is highly responsive to current information 
and sentiment around a COVID-19 vaccine, as well as the state of 
the epidemic and perceived risk of contracting the disease. Under 
these current plausible COVID-19 vaccine acceptance rates, pos-
sible levels of existing protective immunity—though it is unclear 
whether post-infection immunity confers long-term immunity29—
and the rapidly evolving nature of misinformation surrounding the 
pandemic23,30, it is unclear whether vaccination will reach the levels 
required for herd immunity.

Recent studies have examined the effect of COVID-19 misinfor-
mation on public perceptions of the pandemic22,31,32, the tendency 
of certain sociopolitical groups to believe misinformation33,34 and 
compliance with public health guidance, including willingness 
to accept a COVID-19 vaccine35,36. However, to our knowledge, 
there is no quantitative causal assessment of how exposure to 
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misinformation affects intent to receive the vaccine and its implica-
tions for obtaining herd or community immunity if countries adopt 
this vaccination strategy. Moreover, it is essential to understand how 
misinformation differentially impacts sociodemographic groups 
and whether groups at high risk of developing severe complications 
from COVID-19 are more vulnerable to misinformation.

To fill this gap, we developed a pre–post-exposure study design 
and questionnaire to measure the causal impact of exposure to 
online pieces of misinformation relating to COVID-19 and vac-
cines on the intent to accept a COVID-19 vaccine, relative to fac-
tual information. In addition to assessing how misinformation 
might induce changes in vaccination intent, a further aim of this 
study is to investigate how exposure to misinformation differen-
tially impacts individuals according to their sociodemographic 
characteristics (age, gender, highest education level, employment 
type, religious affiliation, ethnicity, income level and political affili-
ation), daily time spent on social media platforms37, and sources of 
trusted information on COVID-19. Understanding how misinfor-
mation differentially impacts sociodemographic groups and indi-
viduals according to their social media use or sources of trusted 
information can motivate the design of group-specific interventions 
to reduce the potential impact of online vaccine misinformation. 
Finally, we assess what makes certain information content more 
or less likely to influence intent to accept COVID-19 vaccination, 
which can be used to increase effectiveness of public health com-
munication strategies.

For both the UK and the USA, both the treatment and control 
groups were nationally representative samples by gender, age and 
sub-national region. The causal impact of misinformation on vac-
cination intent was assessed on two key vaccination motives: (1) to 
accept a COVID-19 vaccine to protect oneself and (2) to accept a 
COVID-19 vaccine to protect family, friends and at-risk groups. By 
exploring vaccination intent to protect others, we are able to quan-
tify how misinformation may affect altruistic vaccination behav-
iour—this is particularly important in the UK and the USA, where 
altruistic messaging prompts have been a feature of COVID-19 
public health messaging campaigns38–41.

Our findings are interpreted in the light of vaccination levels 
required for herd immunity, and we discuss messaging strategies 
that may help mitigate or counter the impact of online vaccine mis-
information. Throughout this study, misinformation refers to ‘false 
or misleading information’42, which is ‘considered incorrect based 
on the best available evidence from relevant experts at the time’43. 
Conversely, factual information refers to information that is con-
sidered correct based on the best available evidence from relevant 
experts at the time.

results
For this study, a total of 8,001 respondents were recruited via an 
online panel and surveyed between 7 and 14 September 2020—4,000 
in the UK and 4,001 in the USA. Following randomized treatment 
assignment, 3,000 UK (and 3,001 US) respondents were exposed 
to misinformation relating to COVID-19 and vaccines (treatment 
group) in the UK (and the USA) and 1,000 in each country were 
shown factual information about COVID-19 vaccines (control 
group). Figure 1 presents an overview of the study design.

All respondents in both groups were asked to provide their intent 
to receive a COVID-19 vaccine before and after being exposed to 
vaccine information (misinformation or factual): ‘If a new corona-

virus (COVID-19) vaccine became available, would you accept the 
vaccine for yourself?’ (SELF) and ‘If a new coronavirus (COVID-
19) vaccine became available, would you accept the vaccine if it 
meant protecting friends, family, or at-risk groups?’ (OTHERS). 
Responses were on a four-point scale: ‘yes, definitely’, ‘unsure, but 
leaning towards yes’, ‘unsure, but leaning towards no’ and ‘no, defi-
nitely not’. This scale was chosen to remove subjective ambiguity 
involved with Likert scales and to allow respondents to explicitly 
detail their intent, thereby allowing a more meaningful interpreta-
tion of results.

All information (misinformation and factual) was identified 
using Meltwater via a Boolean search string eliciting informa-
tion and misinformation around a COVID-19 vaccine (Methods, 
‘Selection of images’). A systematic selection approach was used to 
identify the COVID-19 vaccine information on social media with 
high circulation and engagement between 1 June and 30 August 
2020. Information was classified as misinformation or factual 
after consulting reputable online sources of knowledge, such as 
peer-reviewed scientific research, webpages of public health orga-
nizations and fact-checking websites (or media outlets employing 
fact checkers) to verify the content and the context in which it was 
presented (Methods ‘Selection of images’). A final set of five pieces 
of misinformation comprising non-overlapping messaging and 
themes was selected to represent the diverse messaging found in 
COVID-19 vaccine misinformation (such as information question-
ing the importance or safety of a vaccine; Supplementary Table 1). 
As misinformation can be highly country- and context-dependent, 
it was decided to expose UK and US respondents to different sets 
of misinformation to reflect the different audiences targeted by the 
sources of misinformation, while factual information was the same 
for both groups. Each piece of (mis)information was shown on a 
separate page to facilitate image comprehension. For each exposure 
image, respondents were asked to rate the extent that: they agreed 
with the information displayed; they were inclined to be vaccinated; 
they believed the information to be trustworthy; they would fact 
check the information; and they would share the image. After expo-
sure, the respondents were also asked if they had seen similar con-
tent on social media in the past month. The full questionnaire is 
shown in the Supplementary Materials.

Misinformation lowers intent to accept a COVID-19 vaccine. 
Before treatment, 54.1% (95% percentile interval (PI) 52.5 to 55.7) 
of respondents in the UK and 42.5% (95% PI 41.0 to 44.1) in the 
US reported that they would ‘definitely’ accept a COVID-19 vac-
cine to protect themselves; whereas 6.0% (95% PI 5.3 to 6.8) and 
15.0% (95% PI 14.0 to 16.1) said they would ‘definitely not’ accept 
a COVID-19 vaccine (Table 1). The remaining respondents were 
‘unsure’ about whether they would accept a COVID-19 vaccine 
(Table 1). Higher intent to accept a COVID-19 vaccine in the UK 
than the USA has been reported recently25.

The treatment of misinformation exposure induces a decrease 
in the number of respondents who would ‘definitely’ take the vac-
cine relative to the control group in both countries by 6.2 percent-
age points (95% PI 3.9 to 8.5) in the UK and 6.4 percentage points 
(95% PI 4.0 to 8.8) in the USA (Table 1). There are corresponding 
increases in some lower-intent response categories. In the UK, we 
observe an increase of 2.7 percentage points (95% PI 1.0 to 4.5) 
in those ‘unsure, but leaning towards no’ and of 3.3 percentage 
points (95% PI 2.0 to 4.6) in those saying they ‘definitely will not’ 

Fig. 1 | Overview of pre- and post-exposure study design. A total of 8,001 participants across the USA and the UK were divided into treatment and control 

groups and had their intent to accept a COVID-19 vaccine measured. respondents were then exposed to either misinformation or factual information 

before their vaccination intent was re-recorded. Additional survey items asked respondents to detail the frequency with which they use social media, their 

sources of trust for information around COVID-19 and their sociodemographic characteristics. The full questionnaire is reproduced in the Supplementary 

Information.
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accept a vaccine, while in the USA there is a rise of 2.3 percentage 
points (95% PI 0.7 to 4.0) in those ‘unsure, but leaning towards 
no’ (Table 1).

While these values give the net effect of exposure to misinfor-
mation compared with the control, they conceal the full picture 
of the four post-exposure responses (Y) conditional on the four 

8,001 survey participants in the UK and USA
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pre-exposure response (W) for the treatment group compared to 
the control group, since exposure to information on COVID-19 
vaccines may affect those with different prior vaccination intents 
differently. The changes in respondents’ post-exposure response 
stratified by pre-treatment response are shown in Fig. 2 and 
Supplementary Table 2, where values indicate the percentage point 
change in the number of people with prior intent W who change 
intent to Y after exposure to misinformation, relative to factual 
information (Methods, ‘Estimating treatment effects’).

For any pre-treatment response, there is a net movement 
towards the response category immediately below (except for the 
pre-treatment ‘no, definitely not’ where there is a net increase in 
this response after exposure for the treatment group compared 
with the control). For example, in the UK there is a net increase 
of 8.5 percentage point (95% PI 5.5 to 11.4) in the post-exposure 
response ‘unsure, but leaning towards yes’ for respondents with 
pre-treatment response ‘yes, definitely’. Similarly, there is a 10.6 
percentage point (95% PI 7.1 to 14.0) increase in the post-exposure 
response ‘unsure, but leaning towards no’ for respondents with 
pre-treatment response ‘unsure, but leaning towards yes’ (Fig. 2). 
The same substantive results hold for the USA (Fig. 2).

Interestingly, more respondents in both countries would accept 
a vaccine if it meant protecting family, friends or at-risk groups 
(than if the vaccine was for themselves): 63.7% (95% PI 62.2 to 
65.1) of respondents in the UK and 54.1% (95% PI 52.5 to 55.7) 
in the USA say that they would ‘definitely’ get vaccinated to pro-
tect others (Table 1). The exposure to misinformation again induces 
a decrease in intent to accept the vaccine to protect others, by 5.7 
percentage points (95% PI 3.5 to 7.9) in the UK and 6.5 percentage 
points (95% PI 4.1 to 8.8) in the USA (Table 1) for the treatment 
group relative to the control. The treatment effects when condi-
tioned on pre-treatment vaccination intent show a similar picture. 
For instance, in the USA there is a net decrease in those who previ-
ously responded ‘definitely’ by 8.7 percentage points (95% PI 5.3 
to 12.1) and a net increase in those who previously responded ‘no, 

definitely no’ by 10.0 percentage points (95% PI 2.1 to 18.7). The 
same substantive results hold for the UK.

The impact of misinformation by sociodemographic characteris-
tics. A Bayesian ordered logistic regression model is used to estab-
lish whether the treatment of exposure to misinformation relative to 
factual information differentially impacted subjects’ intent to accept 
a vaccine for themselves according to their sociodemographic back-
ground. We computed the heterogeneous treatment effects (HTEs), 
denoted by the statistic Δ (equation (6), Methods), which represent 
the impact of exposure to misinformation relative to factual infor-
mation, for a group of interest relative to its reference group. If Δ is 
greater than 0, then the treatment of exposure to misinformation 
induces a lowering of vaccination intent, relative to the control for 
a specific group relative to the reference group (male, 18–24 years 
of age, highest education, employed, Christian, white, Conservative 
(UK) or Republican (USA) and highest income). In Fig. 3, we show 
this statistic for impact on vaccination intent to protect oneself—
denoted by ΔS—and to protect others—denoted by ΔO—for each 
sociodemographic characteristic. (Raw parameter values can be 
found in Supplementary Tables 3 and 4). Below, we describe only 
those effects where the 95% PIs exclude zero, which we deem sta-
tistically credible. Since the HTEs are computed as a difference 
of log cumulative odds ratios between the treatment and control 
groups, we include these statistics separately for the treatment and 
control groups in Supplementary Figs. 1 and 2 and Supplementary 
Tables 3 and 4. Although they do not measure causal effects, these 
log cumulative odds ratios show how sociodemographic groups 
respond to misinformation or factually correct information rela-
tive to the reference group undergoing the same treatment. This 
reveals additional knowledge about those sociodemographic groups 
which—while not displaying a HTE—may be more inclined than 
the reference group to change their vaccination intent in the same 
direction upon exposure to either kind of information (full model 
details in Methods, ‘Estimating treatment effects’).

Table 1 | exposure to COVID-19 vaccine misinformation reduces intent to accept a COVID-19 vaccine relative to exposure to factually 
correct information

Distribution of vaccination 
intent

Vaccination intent UK USA

Self Others Self Others

Pre-exposure P(W) Yes, definitely 54.1 (52.5, 55.7) 63.7 (62.2, 65.1) 42.5 (41.0, 44.1) 53.3 (51.8, 54.9)

Unsure, lean yes 31.9 (30.5, 33.3) 24.7 (23.4, 26.1) 30.0 (28.6, 31.4) 24.7 (23.3, 26.0)

Unsure, lean no 8.0 (7.1, 8.9) 7.0 (6.2, 7.8) 12.4 (11.4, 13.5) 10.0 (9.2, 11.0)

No, definitely not 6.0 (5.3, 6.8) 4.5 (3.9, 5.2) 15.0 (14.0, 16.1) 12.0 (11.1, 13.1)

Post-exposure P(Y|T) 
(treatment group)

Yes, definitely 48.6 (46.9, 50.2) 55.7 (54.1, 57.4) 39.8 (38.2, 41.5) 46.4 (44.8, 48.1)

Unsure, lean yes 31.1 (29.5, 32.6) 27.9 (26.4, 29.4) 28.7 (27.1, 30.3) 26.7 (25.1, 28.2)

Unsure, lean no 11.3 (10.2, 12.4) 9.6 (8.6, 10.6) 14.0 (12.9, 15.2) 11.7 (10.7, 12.8)

No, definitely not 9.1 (8.2, 10.0) 6.8 (6.0, 7.6) 17.5 (16.3, 18.7) 15.2 (14.1, 16.4)

Post-exposure P(Y|C) 
(control group)

Yes, definitely 54.8 (52.6, 57.1) 61.5 (59.3, 63.7) 46.3 (44.0, 48.5) 52.9 (50.6, 55.0)

Unsure, lean yes 30.9 (28.6, 33.2) 25.6 (23.4, 27.9) 25.4 (23.0, 27.8) 22.5 (20.2, 24.9)

Unsure, lean no 8.5 (7.0, 10.2) 7.2 (5.8, 8.7) 12.5 (10.7, 14.4) 11.3 (9.5, 13.1)

No, definitely not 5.8 (4.6, 7.0) 5.7 (4.6, 6.9) 15.9 (14.2, 17.5) 13.4 (11.8, 15.0)

Treatment effect 
Δ(Y) = P(Y|T) − P(Y|C)

Yes, definitely −6.2 (−8.5, −3.9) −5.7 (−7.9, −3.5) −6.4 (−8.8, −4.0) −6.5 (−8.8, −4.1)

Unsure, lean yes 0.2 (−2.5, 2.8) 2.3 (−0.3, 4.8) 3.3 (0.6, 5.9) 4.2 (1.5, 6.9)

Unsure, lean no 2.7 (1.0, 4.5) 2.3 (0.7, 4.0) 1.5 (−0.6, 3.5) 0.4 (−1.7, 2.4)

No, definitely not 3.3 (2.0, 4.6) 1.1 (−0.1, 2.3) 1.6 (−0.1, 3.3) 1.9 (0.3, 3.5)

The pre- and post-exposure intent to accept a COVID-19 vaccine are shown for the UK and the USA in the first three rows. The treatment effects of exposure to misinformation relative to factual 

information on the post-exposure responses Y that is Δ(Y) are shown in the final row as percentage point changes in the number of people with intent Y after exposure to misinformation relative to factual 

information. Model probabilities have been quoted as percentages to aid interpretation. Values in parentheses indicate 95% percentile intervals (PI) with values in bold indicating PIs that do not include 0.
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In both countries, we find evidence that some sociodemographic 
groups are differentially impacted by exposure to misinformation, 
relative to factual information. In the USA, females are less robust 
to misinformation than males when considering vaccination intent 
to protect others: ΔO = 0.42 (95% PI 0.02 to 0.81). There is also evi-
dence that lower-income groups (levels 0 to 2) are less likely to lower 
their vaccination intent to protect themselves or others upon expo-
sure to misinformation than the highest income group (level 4): for 
level 0, ΔS = −0.83 (95% PI −1.57 to −0.12); level 1, ΔO = −0.65 (95% 
PI −1.33 to −0.02); level 2, ΔS = −0.86 (95% PI −1.53 to −0.20) and 
ΔO = −0.80 (95% PI −1.48 to −0.13). Interestingly, some groups 
respond similarly to misinformation to the reference group but show 
comparatively different inclinations to vaccinate upon exposure to 
factual information. Consequently, such groups are differentially 
more robust than their reference counterparts to exposure to misin-
formation relative to factual information, such as those from ‘other’ 
ethnic minorities in the USA when compared to whites: ΔS = −0.99 
(95% PI −1.65 to −0.31). Similar results are found in the UK, where 
unemployed respondents are more robust to misinformation than 
employed respondents, with ΔS = −0.99 (95% PI −1.78 to −0.19); 
‘other’ religious affiliations are more robust to misinformation than 
Christians, with ΔS = −0.76 (95% PI−1.29 to −0.23); and those who 
are Jewish are more robust to misinformation than Christians, with 
ΔO = −1.58 (95% PI−3.14 to −0.02).

Finally, we investigated whether social media use and trust in 
sources of COVID-19 information differentially impacts vaccina-
tion intent. We remark that due to the similarity of HTEs obtained 
above for vaccination intent to protect oneself and to protect others, 
we report only analysis of vaccination intent to protect oneself here. 
We find no strong evidence to suggest that individuals in the UK 
or the USA who use social media more frequently are more likely 

to lower their vaccination intent when exposed to misinformation 
compared with those in the control group (Supplementary Fig. 3 
and Supplementary Table 5.) In the UK, individuals who trust celeb-
rities for information about COVID-19 are more robust to COVID-
19 misinformation than those who do not (ΔS = −1.31 (95% PI−2.59 
to −0.03)), whereas in the USA, individuals who indicated trust in 
family or friends for such information are less robust than those 
who did not (ΔS = 0.52 (95% PI 0.03 to 1.01)) (Supplementary Fig. 4 
and Supplementary Table 6.)

Correlational evidence of the appeal of scientific misinformation. 
After exposure to misinformation or factual information, respon-
dents were asked to report whether, for each image: it raised their 
vaccination intent; they agreed with the information presented; they 
found the information to be trustworthy; they were likely to fact 
check; and they were likely to share the image with friends or fol-
lowers (the full questionnaire and further details are provided in 
the Supplementary Materials). These post-exposure self-reported 
perceptions for all pieces of (mis)information are depicted in Fig. 4. 
Overall, it is apparent that in both countries, respondents were less 
likely to agree with, have trust in, fact check, share, or say that the 
information raised their vaccination intent when shown misinfor-
mation, as opposed to when they were shown factual information. 
Across both countries, around a quarter of respondents agreed with 
some of the misinformation or found it trustworthy, although the 
majority of respondents did not agree and did not find it trustwor-
thy (Fig. 4a,b).

This study was not designed to investigate the causal impact of 
different kinds of vaccine messaging and cannot be used to draw 
causal inferences, as all participants rated self-perceptions after 
exposure. However, access to self-reported perceptions provides 
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correlational evidence of which pieces of information are associated 
with a greater (or lesser) decline in vaccination intent. For instance 
in the UK, image 1 (Supplementary Table 1)—which suggests that 
“scientists have expressed doubts […] over the coronavirus vac-
cine […] after all of the monkeys used in initial testing contracted 
coronavirus”—appears to be the misinformation piece that is asso-
ciated with the largest decrease in vaccination intent (with 39% of 
respondents ‘disagreeing’ that the image raised their vaccination 
intent (Fig. 4)), whereas in the USA, it was image 1 (Supplementary 
Table 1)—which claimed “the new COVID-19 vaccine will liter-
ally alter your DNA”—that seems to induce the most impact (with 
40% of respondents ‘disagreeing’ that the image raised their vacci-
nation intent (Fig. 4)). In the control set—which was identical for 
respondents in both countries—the image that participants per-

ceived contributed the least to declines in vaccination intent was 
image 3 (Supplementary Table 1), in which the University of Oxford 
announced that their vaccine “produces a good immune response” 
and that the “teams @VaccineTrials and @OxfordVacGroup have 
found there were no safety concerns”—with 39% respondents in the 
UK and 35% in theUSA ‘agreeing’ that the image raised their vac-
cination intent; see Fig. 4.

However, people’s self-reported changes in attitude—such as a 
‘raise’ in vaccination intent—may mistakenly reflect their absolute 
levels of the attitude instead44—that is, level of vaccination intent. 
Therefore, to investigate the association of each individual image 
(information) with vaccination intent, weights (in the range of 0 to 
1) were inferred for each image while regressing self-reported image 
perceptions against post-exposure vaccination intent (to protect 
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oneself) and controlling for pre-exposure intent. This simultane-
ously reveals the predictive power of self-reported perceptions on 
actual change in vaccination intent and quantifies the association 
of each piece of (mis)information to the change in intent (Methods, 
‘Estimating image impact’).

Since exactly five images were shown to each respondent, a 
weight above 0.2 would indicate a higher association with lowering 
vaccination intent than what would be expected at random, and a 
weight below 0.2 would indicate a lower association. This analysis 
confirms that the misinformation image with the largest (and statis-
tically credible) association with loss in vaccination intent in the UK 
was indeed image 1 (Supplementary Table 1), with weight 0.42 (95% 
PI 0.28 to 0.56), while in the USA it was image 1 (Supplementary 
Table 1), with weight 0.41 (95% PI 0.25 to 0.58). Supplementary 
Table 7 presents a full description of these results.

While other images arguably used some scientific messaging 
(such as image 5 in Supplementary Table 1, “Big Pharma whistle-
blower: ‘97% of corona vaccine recipients will become infertile’”), 
the misinformation images identified as having the strongest asso-
ciation with decreased vaccination intent presented a direct link 
between the COVID-19 vaccine and adverse effects and cited arti-
cles and scientific imagery or links to articles purporting to be repu-
table to strengthen their claim. In the UK, this contrasted with more 
memetic imaging (for example, ‘striking images with text superim-
posed on top’42) which showed far weaker associations (images 3 
and 4 in Supplementary Table 1).

Discussion
Using individual-level survey data collected from nationally repre-
sentative samples of 4,000 and 4,001 respondents in the UK and the 
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USA, respectively, we reveal a number of key findings of importance 
to policymakers and stakeholders engaged in either public health 
communication or the design of vaccine-rollout programmes. We 
find that, as of September 2020, only 54.1% (95% PI 52.5 to 55.7) 
of the public in the UK and 42.5% (95% PI 41.0 to 44.1) in the USA 
would ‘definitely’ accept a COVID-19 vaccine to protect themselves.

These values are lower than the proportion of vaccinated people 
required to achieve the anticipated herd immunity levels, suggest-
ing that policymakers may need to convince those unsure about 
vaccinating to achieve these levels. Higher proportions of individu-
als in both countries would ‘definitely’ vaccinate to protect family, 
friends and at-risk groups, suggesting that effective altruistic mes-
saging may be required to boost uptake. However, we also show that 
exposure to misinformation lowers individuals’ intent to vaccinate 
to protect themselves and lowers their altruistic intent to vaccinate 
to protect others, which could complicate messaging campaigns 
focusing on altruistic behaviours. Campaigns may also have to 
compete with misinformation purporting to be based in science or 
medicine, which appears to be particularly damaging to vaccination 
intentions.

These findings are, however, unlikely to be representative of the 
effect of misinformation on uptake rates in real-world social media 
settings. Individuals are unlikely to experience misinformation in 
the same manner as implemented in this survey, and there will be 
differences in the volume and rate of misinformation people will 
be exposed to, depending on their online social media preferences 
and demographics. A demographic re-weighting would be required 
to obtain more robust estimates of anticipated COVID-19 vaccine 
rejection at sub-national or national levels. Misinformation may 
have also already embedded itself in the public’s consciousness, 
and studies have shown that brief exposure to misinformation can 
embed itself into long-term memory45. Policymakers may therefore 
find challenges ahead to ‘undo’ the impact it may have already had 
and to clearly communicate messages surrounding the safety, effec-
tiveness, and importance of the vaccine.

Treatment with exposure to misinformation is found to differen-
tially impact individuals’ intent to vaccinate to protect themselves 
according to some sociodemographic factors. In the UK, the unem-
ployed were more robust to exposure to misinformation compared 
with those who are employed (before March 2020). Unemployed 
individuals in the UK were recently found to be less undecided 
about whether to vaccinate than employed groups46. In the USA, 
‘other’ ethnicities and lower-income groups are more robust to mis-
information than those of white ethnicity. There is also evidence 
that exposure to misinformation makes those identifying as Jewish 
less likely to lower their vaccination intent to protect others com-
pared with Christians in the UK. In the USA, females are more 
likely than males to lower their intent to vaccinate to protect others 
upon exposure to misinformation. Many recent studies in both the 
UK and the USA have highlighted females as less likely to vaccinate 
than males46–48.

We find no evidence that individuals who trust health authori-
ties are any more or less likely to be impacted by misinformation 
(after controlling for their sociodemographic characteristics); how-
ever, trust in experts has been recently found to be associated with 
intent to pursue COVID-19 vaccine in the USA49. Interestingly, 
trust of celebrities in the UK is associated with more robustness to 
misinformation compared to controls, whereas trust in family and 
friends in the USA is associated with a susceptibility to misinforma-
tion compared to the control. This result aligns with a recent study 
that associates trust in non-expert sources with dismissal of misin-
formation relating to vaccine decision making50. Some recent work 
suggests that those who consume legacy media several times a day 
and online media less frequently exhibit lower COVID-19 vaccine 
hesitancy than those who consume less of both25. We also find no 
evidence that daily social media usage is associated with robustness 

to effects of misinformation exposure on COVID-19 vaccination 
intent.

Although our study indicates the possible impact of COVID-
19 misinformation campaigns on vaccination intent, this study 
does not replicate a real-world social media platform environment 
where information exposure is a complex combination of what is 
shown to a person by the platform’s algorithms and what is shared 
by their friends or followers51. Online social network structures, 
governed by social homophily, can lead to selective exposure and 
creation of homogeneous echo chambers52,53 and polarization of 
opinions, which may amplify (or dampen) the spread of misinfor-
mation among certain demographics. Previous work has shown that 
there is evidence of echo chambers on real social media platforms 
around information on vaccines, in general54,55. If such informa-
tion silos also exist for COVID-19 vaccines, then they may lead to 
self-selection of misinformation or factual information, inducing 
individuals to become progressively more or less inclined to vacci-
nate. While our study does not directly quantify such social network 
effects, it emphasizes on the need to do so further. Furthermore, we 
find correlational evidence that misinformation identified by our 
participants after exposure as having the most impact on lowering 
their vaccination intent was made to have a scientific appeal, such 
as emphasizing on a direct link between a COVID-19 vaccine and 
adverse effects while using scientific imagery or links to strengthen 
their claims. However, our design does not allow causal inferences 
and we were limited in the type and volume of misinformation pre-
sented to respondents. Future research should examine the causal 
impact of different types of misinformation and identify whether 
there are other types of misinformation that may be far more 
impactful on vaccination intent. Therefore, our estimates for the 
losses in vaccination intent due to misinformation must be placed 
in the context of this study and the correlational evidence it pro-
vides, and caution must be exercised in generalizing these findings 
to a real-world setting, which may see larger or smaller decreases in 
vaccination intent depending on the wider context of influencing 
factors. Addressing the spread of misinformation will probably be a 
major component of a successful COVID-19 vaccination campaign, 
particularly given that misinformation on social media has been 
shown to spread faster than factually correct information56 and that, 
even after a brief exposure, misinformation can result in long-term 
attitudinal and behavioural shifts45,57 that pro-vaccination mes-
saging may find hard to overcome57. With regards to COVID-19, 
misinformation has even been shown to lead to information avoid-
ance and less systematic processing of COVID-19 information32; 
however, the amplification of questionable sources of COVID-19 
misinformation is highly platform dependent, with some platforms 
amplifying questionable content less than reliable content58.

In conclusion, this study reveals that as of September 2020, in 
both the the UK and the USA, fewer people would ‘definitely’ take 
a vaccine than is required for herd immunity, and that misinforma-
tion could push these levels further away from herd immunity tar-
gets. This analysis provides a platform to help us test and understand 
how more effective public health communication strategies could 
be designed and on whom these strategies would have the most 
positive impact in countering COVID-19 vaccine misinformation.

Methods
Ethical approval for this study was obtained by the London School of Hygiene 
and Tropical Medicine ethics committee on 15 June 2020 with reference 22647. 
A total of 8,001 respondents recruited via an online panel were surveyed by ORB 
(Gallup) International (www.orb-international.com) between 7 and 14 September 
2020. Respondent quotas for each country and each group (that is both treatment 
and control) were set according to national demographic distributions for gender, 
age, and sub-national region—the four census regions in the USA59 and first level 
of nomenclature of territorial units in the UK60. Following randomized treatment 
assignment, 3,000 UK and 3,001 US respondents were exposed to images of 
recently circulating online misinformation related to COVID-19 and vaccines 
(treatment group) and 1,000 respondents in each country were shown images of 
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factual information about a COVID-19 vaccine to serve as a randomized control 
(control group). All respondents exposed to misinformation were debriefed after 
the survey; debriefing information can be found in the questionnaire included 
in Supplementary Information. Some respondent characteristics were recoded 
to reduce their number and facilitate comparison across the two countries. The 
recoding is provided in Supplementary Table 8 and a breakdown of respondents’ 
characteristics is provided in Supplementary Table 9.

Selection of images. To elicit responses that can be most readily interpreted 
in light of the current state of online misinformation in both the UK and USA, 
the information shown to respondents—in the form of snippets of social media 
posts—should satisfy a number of criteria. It should: (1) be recent and relevant to 
a COVID-19 vaccine; (2) have a high engagement, either through user reach or 
other publicity, and thus represent information that respondents are not unlikely to 
be exposed to through social media use; (3) include posts shared by organizations 
or people with whom respondents are familiar (so that, for example, US and UK 
audiences are not shown information from people with whom they are unfamiliar); 
(4) form a distinct set, not replicating content or core messaging, enabling us to 
probe the most impactful types of misinformation. To this end, we followed a 
principled approach to select two sets of five images for the treatment and control 
groups, respectively, combining both quantitative and qualitative methods.

For the treatment set, we used a COVID-19 vaccine-specific Boolean search 
query—corona* OR coronavirus OR covid* OR ‘wuhan virus’ OR wuhanvirus OR 
‘Chinese virus’ OR ‘china virus’ OR chinavirus OR ‘nCoV*’ OR SARS-CoV*) AND 
vaccin* AND (Gates OR 5 G OR microchip OR ‘New World Order’ OR cabal OR 
globali*)—to extract COVID-19 vaccine-related online information from 1 June, 
2020 to 30 August, 2020 using Meltwater (www.meltwater.com), an online social 
media listening platform. This Boolean search term was based on previous research 
that used similar search terms obtaining the highest levels of user engagement 
with COVID-19 media and social media articles containing misinformation. 
This search string returned over 700,000 social media posts that were initially 
filtered by user engagement and reach to provide the most widely shared and 
viewed posts. Two independent coders (S.J.P. and K.d.G.) screened top posts and 
excluded posts that failed criteria 1–4 above. Some posts had relatively low levels 
of engagement, but were included because they repeatedly appeared in different 
formats across different outlets and were thus deemed to be influential on social 
media. Reputable online sources of knowledge were consulted to determine which 
content was classified as misinformation—that is, information that is regarded 
false or misleading according to current expert knowledge. A set of five final posts 
were obtained for the UK and the USA, respectively. For instance, misinformation 
selected to be shown to the US sample included a post falsely claiming that a 
COVID-19 vaccine will alter DNA in humans, while that in the UK included a  
post falsely claiming that COVID-19 vaccine will cause 97% of recipients to 
become infertile.

In determining the ‘control set’, the aim was to expose people to factual 
COVID-19 vaccine information to serve as a control against the treatment 
exposure of misinformation, since exposure to any information can in principle 
cause respondents to change their vaccine inclination (that is control information 
controls for other elements of our survey), and respondents may misreport 
post-exposure vaccination intent due to recall bias or other between-conditions 
differences. Factual information was obtained by a coder (S.L.), also via Meltwater, 
using the same Boolean search term as above, but excluding the last clause 
containing misinformation-specific search keys, which returned over a hundred 
posts. Reputable online sources of knowledge were consulted to determine which 
content is classified as factual information—that is, information that is regarded 
correct as per current expert knowledge. A set of five final posts was obtained, 
common to both the UK and the USA. Information was often from authoritative 
sources (or otherwise referenced to authoritative sources) such as vaccine groups 
and scientific organizations. We ensured that these five posts were not overtly 
pro-vaccination and did not reference anti-vaccination campaigns or materials. 
For instance, information presented included an update on the current state of 
COVID-19 vaccine trials; the importance of a vaccine to get out of the COVID-
19 pandemic; and how a candidate vaccine generates a good immune response. 
Supplementary Table 1 presents further details regarding the treatment and 
control image sets, including detailed explanations for classification of posts as 
misinformation or factual information.

Estimating treatment effects. In this study, the outcome of interest, vaccination 
intent, is measured on a four-level ordered scale. Using a classical approach in the 
potential outcomes framework61,62 to determine treatment effects would either 
necessitate binarizing the outcome—which can lead to loss of information about 
vaccination intent—or making a strong assumption of linearity of the outcome 
scale. Therefore, a hierarchical Bayesian ordered logistic regression framework is 
used here to estimate the impact of (1) treatment of misinformation on change in 
vaccination intentv relative to factual information, and (2) how these treatments 
differentially impact individuals by their sociodemographic characteristics (that 
is, HTEs). Full model details, including the statistics used to describe all effects, 
are detailed below. Throughout, the following notation is used: pre- (W) and 
post-exposure (Y) intents to accept a COVID-19 vaccine W;Y 2 f1; 2; 3; 4g

I

 

are ordered variables (‘yes, definitely’ (1); ‘unsure, but leaning towards yes’ (2); 
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sociodemographics) are given by X.
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, such that 
P

3

j¼1
δ
g
j ¼ 1

I

, �1<α
g

1
<α

g

2
<α

g

3
<1

I

 
and �1<κ1<κ2<κ3<1

I

. We use the ordered logistic distribution for k 
outcomes specified by Z  OrderedLogistic β; α1; α2;    ;αk�1ð Þð Þ

I
), where 

P Z≤ jð Þ ¼ σðαj � βÞ
I

 and σðxÞ ¼ 1=ð1þ e
�xÞ

I

 is the standard logistic sigmoid 
function. We remark that this operationalizes a proportional-odds assumption65, 
wherein the difference in log of cumulative odds ratios between successive 
categories is independent of the slope β, that is, 8j 2 2; 3;    ; k� 1f g

I

, we have: 

log P Z≤ jð Þ
P Z> jð Þ

� �

� log P Z≤ j�1ð Þ
P Z> j�1ð Þ

� �

¼ αj � αj�1

I

.

This modelling framework allows us to model (1) the effect of treatment on 
vaccination intent and (2) the HTEs through the function f. In estimating (average) 
treatment effects (1), f = 0 (we still need to control for pre-exposure intent W); 
whereas when estimating HTEs (2), we assume:

f X ið Þð Þ ¼
X

d2D

β
g

d ið Þ þ
X

u2U

β
g

u ið Þ;

where D ¼ fAGE;GEN; EDU ;EMP;REL; POL; ETH; INCg
I

 refers to the set of 
sociodemographic characteristics—of age (AGE), gender (GEN), highest education 
qualification received (EDU), (pre-pandemic) employment status (EMP), religion 
(REL), political affiliation (POL), ethnicity (ETH) and income (INC)—such that 
8d 2 D

I

, d(i) corresponds to the category to which i belongs and β
g

d ið Þ 2 R

I

 refers 
to the slope for that category. Specification of the set U allows us to investigate the 
HTEs for (1) sociodemographic characteristics (U = {}); (2) social media use (while 
controlling for possible confounding effects of sociodemographics); and (3) sources 
of trust (while controlling for possible confounding effects of sociodemographics). 
We thus investigate HTEs for social media use and sources of trusted information 
about COVID-19 by specifying (1) U = {SOCIAL} (where β

g

SOCIAL ið Þ 2 R

I

 refers to 
the slope when SOCIAL(i) indicates the category of amount of daily social media 
usage for i) and (2) U ¼ fTRUST1;TRUST2;    ;TRUSTkg

I

 for k different sources 
of information (where β

g

TRUSTk ið Þ 2 R

I

 refers to the slope when TRUSTk ið Þ

I

 is the 
category indicating whether i trusts the kth source of information: 1 for no and 2 
for yes). We remark that the model for Y specified in equation (2) is equivalent to a 
traditional linear two-way interaction model for causal estimation under a binary 
treatment, composed with a logistic sigmoid function to model the cumulative 
distribution of the ordinal categorical outcome variable66.

Regularizing hierarchical priors are placed on all primary model parameters 
to aid model identifiability and prevent detection of spurious treatment effects: 
α
g
j  Normalðαj; 1Þ

I

, β
g
Z  NormalðβZ ; 1Þ
I

, 8z 2 D∪U

I

, β
g
W  NormalðβW ; 1Þ
I

 and 
κj; αj; βZ ; βW  Normalð0; 1Þ
I

. Non-informative hierarchical priors were placed on 

δ
g
j

I

: ðδ
g

1; δ
g

2; δ
g

3Þ  Dirichletððδ1; δ2; δ3ÞÞ
I

 and δj  Exponentialð1Þ
I

.

Statistics for measuring treatment effects. We are interested in measuring the 
causal effect of exposure to misinformation (G = T), relative to the control of 
exposure to factual information (G = C), on (post-exposure) vaccination intent Y. 
When computing average treatment effects, it would be conventional to calculate 
a difference in conditional expectations, that is E[Y|T] − E[Y|C]. However, as Y is 
an ordered categorical, a conditional expectation has no meaningful interpretation. 
Therefore, we can compute a conditional probability mass function, P(Y|G), and 
define a corresponding statistic for treatment effect67 on vaccination intent as:

ΔðyÞ  PðY ¼ yjG ¼ TÞ � PðY ¼ yjG ¼ CÞ: ð3Þ

Since treatment may also depend on individuals’ pre-exposure vaccination 
intent W, we also compute the statistic:

ΔWðy;wÞ  PðY ¼ yjG ¼ T;W ¼ wÞ � PðY ¼ yjG ¼ C;W ¼ wÞ; ð4Þ

for 8ðy;wÞ 2 f1; 2; 3; 4g ´ f1; 2; 3; 4g
I

. Using the ordered logistic 
regression model specified in equations (1) and (2), these two 
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statistics are given by Δ yð Þ ¼
P

4

w¼1
μðwÞðρ T; y;wð Þ � ρðC; y;wÞÞ

I

 
and ΔWðy;wÞ ¼ ρðT; y;wÞ � ρðC; y;wÞ

I

, where 

ρðg; y;wÞ  PðY ¼ yjW ¼ w;G ¼ gÞ ¼ σ α
g
y � β

g
W

Pw�1

j¼1
δ
g
j

 

I�σ α
g
y�1

� β
g
W

Pw�1

j¼1
δ
g
j

 

I

 and μ wð Þ  P W ¼ wð Þ ¼ σðκwÞ � σðκw�1Þ
I

.

The interpretation of equations (3) and (4) is as follows. (3): If Δ(y) > 0 
(Δ(y) < 0), then the treatment induces an average individual with vaccination intent 
y to not change their vaccination intent (to change their vaccination intent)—
relative to control. Alternately, 100 × Δ(y) indicates the percentage point change in 
the number of people with intent y after exposure to misinformation, relative to 
factual information. (4): If ΔWðy;wÞ>0

I

 (ΔWðy;wÞ<0

I

), then the treatment induces 
an average individual to (not) change their vaccination intent from w to y—relative 
to control. Alternately, 100 ´ΔWðy;wÞ

I

 indicates the percentage point rise or drop 
in the number of people with prior intent w who change it to y after exposure to 
misinformation, relative to factual information.

Statistics for measuring HTEs treatment effects may depend on 
sociodemographic groups: misinformation or factual information may cause 
some sociodemographic groups to be more or less likely to vaccinate than others. 
Following the conditional probability mass function framework, these HTEs would 
correspond to computing the following conditional statistic:

PðY ¼ yjG ¼ T;X ¼ xÞ � PðY ¼ yjG ¼ C;X ¼ xÞ: ð5Þ

Because we consider many covariates, in the interest of being concise we 
cannot estimate conditional treatment effects for every multivariate combination 
of covariates. However, some progress can be made by considering the following 
modifications. Firstly, we can compute a different statistic that still permits 
a form expressed as the linear difference of a function over treatments and 
controls separately. In particular, since vaccination intent is ordered, we can 
define a statistic conveniently in terms of the conditional cumulative distribution 
function. More precisely, consider the negative logarithm of cumulative odds ratio 
θðg; x; yÞ  �log PðY ≤ yjG¼g;X¼xÞ

PðY> yjG¼g;X¼xÞ

� �

I

, which indicates how likely an individual x is 
to have a vaccination intent up to level y after exposure to misinformation (G = T) 
or factual information (G = C). The larger this statistic is for given y, the less likely 
the individual x in group g is to have a high vaccination intent. Given the ordered 
logistic model specification in equations (1) and (2), and by considering this 
estimand on the latent scale of log of cumulative odds ratio, one can use this latent 
continuous variable θ as the de-facto outcome instead of Y (ref. 68). Estimands 
on the latent scale are more difficult to interpret due to non-identifiability of the 
function mapping θ to Y, but the use of regularizing priors in the model makes 
the function identifiable. Secondly, since we are interested in finding whether a 
group is more or less susceptible to treatment effects, we can do so by picking 
a reference group x0, that is, we compute a difference of conditional treatment 
effects when X = x relative to when X = x0. Therefore, we are interested in a statistic 
which is the difference in log cumulative odds ratios (or simply log odds ratios), 
ηðg; x; x0Þ  θðg; x; yÞ � θðg; x0; yÞ
I

. This leads to the following (relative) measure 
for heterogeneous effects:

ΔXðx; x0Þ  ηðT; x; x0Þ � ηðC; x; x0Þ: ð6Þ

Given the model definition in equations (1) and (2), the statistic η is 
given by ηðg; x; x0Þ ¼ f ðx; β

g
XÞ � f x0; β

g
X

� �

I

, which is simply given by a 
difference in the log cumulative odds ratios. For example, the statistic of 
difference in log odds for gender is ηðg; Female;MaleÞ ¼ β

g
Female � β

g
Male

I

 
and the corresponding heterogeneous effect is given by 
ΔXðFemale;MaleÞ ¼ ðβT

Female
� βC

Female
Þ � ðβT

Male
� βC

Male
Þ

I

. In this model, 
parameters exist for every sociodemographic group—with regularizing priors 
ensuring identifiability—allowing for posterior contrast distributions of η 
and Δ with regards to any reference group x0. In our analysis, for categorical 
characteristics we pick the most populated— ‘employed’ for employment, 
‘Christian’ for religion, ‘white’ for ethnicity—or second-to-most populated 
group— ‘male’ for gender, ‘Conservative’ (UK) or ‘Republican’ (USA) for political 
affiliation—as the reference group, which allows for a natural comparison of 
minority groups against the majority. For ordinal characteristics, we pick one of 
the end groups as the reference group— ‘18–24’ (lowest) for age, ‘level 4’ (highest) 
for income, ‘level 4’ (highest) for education, ‘none’ (lowest) for social media use—
which allows for a natural comparison to the extrema of the characteristic. For 
binary characteristics, we pick the null group as the reference—indicating no trust 
in a source of COVID-19 information.

The interpretation of the HTE (equation (6)) is as follows. If ΔXðx; x0Þ>0

I

 
(ΔX x; x0ð Þ<0

I

), then the treatment makes an individual of group x more (less) 
likely to move from lower vaccine hesitancy to a higher one when compared to an 
individual of group x0—relative to control. The interpretation of equation (5) is as 
follows: if ηðg; x; x0Þ>0

I

 (ηðg; x; x0Þ<0

I

), then the exposure within treatment group 
g makes an individual of group x more (less) likely to move from lower vaccine 
hesitancy to a higher one when compared to an individual of group x0.

Estimating image impact. To study which images, corresponding to misinformation 
or factual information, are perceived by participants to induce a larger drop in 
vaccination intent upon exposure, we make use of ratings given by the respondents 

to each of the 5 images presented along 5 different perception metrics as features 
to learn how each image metric and each image itself contributes to the measured 
drop in vaccination intent. As before, let W denote pre-exposure intent, Y is the 
post-exposure intent and G is the treatment group. Furthermore, let X(i) refer to the 
5 × 5 matrix such that Xjk(i) refers to the ith individual’s rating on the jth image metric 
for the kth image. Then, the model definition here is very similar to when pursuing 
HTEs analysis, except the function of covariates now corresponds to an aggregation of 
ratings across images and image metrics:

Y ið Þj G ið Þ ¼ g;W ið Þ;X ið Þð Þ

 OrderedLogistic β
g
W

P
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where β
g
W ; β

g
j 2 R

I

, δ
g
j 2 R≥ 0

I

 such that 
P
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j¼1
δ
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j ¼ 1

I

, γ
g
k 2 R≥0

I

 such that P
5

k¼1
γ
g
k ¼ 1

I

, and �1<α
g

1
<α

g

2
<α

g

3
<1

I

. As noted above, XjkðiÞ
I

 indicates the 
Likert response of the ith individual’s rating on the jth image metric for the kth 
image. Here, we assume a signed response XjkðiÞ 2 f�2;�1; 0; 1; 2g

I

 corresponding 
to the negative and positive ratings of a five-level Likert scale—those reporting ‘do 
not know’ were included in the response category of 0. This allows us to gauge both 
(1) which images have the most impact (from γ

g
k

I

) and (2) which image metrics or 
features have the most impact (from β

g
j

I

).
The image metrics considered are, in order, whether (1) the respondents 

perceived the image to have made them less inclined to vaccinate, (2) they agreed 
with the image, (3) they found the image trustworthy, (4) they were likely to 
fact check the information shown in the image, and (5) they were likely to share 
the image. Regularizing priors are placed on all primary model parameters: 
α
g
j ; β

g
j ; β

g
W  Normalð0; 1Þ

I

. Non-informative priors are placed on γ
g
k; δ

g
j

I

: 

ðγ
g

1; γ
g

2; γ
g

3; γ
g

4; γ
g

5Þ  Dirichletðð1; 1; 1; 1; 1ÞÞ
I

 and ðδ
g

1; δ
g

2; δ
g

3Þ  Dirichletðð1; 1; 1ÞÞ
I

. 

The statistics reported in Supplementary Table 7 refer to β
g
j

I

 and γ
g
k

I

. If β
g
j >0

I

 
(β

g
j <0

I

), then a higher (lower) rating on the jth metric is more predictive of a 
drop in vaccination intent in treatment group g, after exposure. Since five images 
were shown to each respondent, γ

g
k>0:2

I

 (γ
g
k<0:2

I

) indicates that the kth image 
contributes more (less) to the drop in vaccination intent in treatment group g, after 
exposure, than what would be expected at random.

Statistical inference. Model inference was performed by Hamiltonian Monte 
Carlo with the NUTS sampler using PyStan69, the Python implementation of Stan. 
Samples from the posterior distribution of the model parameters were collected 
from 4 chains and 2,000 iterations (that is, 4,000 samples excluding warm-up) after 
ensuring model convergence, with the potential scale reduction factor satisfying 
R̂≤1:02

I

 for all model parameters, while ensuring that the smallest effective sample 
size for all model parameters is greater than 500 (refs. 70,71) (Supplementary Table 
10). The target average proposal acceptance probability for the NUTS sampler was 
set to 0.9 and increased to 0.99 to remove any divergent transitions if they were 
encountered. The maximum tree depth for the sampler was set to 10 but increased 
to 15 if the limit was reached for any model. Relevant statistics for parameters of 
interest (coefficients, contrasts, log odds ratios, percentages and weights) were 
extracted from the samples, and all results report the mean estimate—the effect 
size—alongside 95% PIs (that is, values at 2.5% and 97.5% percentiles) to indicate 
credible values of the statistic.

Reporting Summary. Further information on research design is available in the 
Nature Research Reporting Summary linked to this article.

Data availability
The data used in this study are available at https://github.com/sloomba/
covid19-misinfo/. A copy of the materials used in this study, as displayed to 
respondents, can be obtained from the authors upon request. Source data are 
provided with this paper.

Code availability
The code developed for this study is available at https://github.com/sloomba/
covid19-misinfo/.
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Data analysis  
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Study description Quantitative cross-sectional study

Research sample Nationally representative (by age, sex, subnational region) samples are obtained via online panels of participants in the UK and US. 

4,000 respondents in both countries are surveyed to quantify national-level summaries of individuals' vaccine intent and 

susceptibility of misinformation. All respondents surveyed were 18 or over and informed consent was obtained by ORB (Gallup) 

International.

Sampling strategy Survey participants were recruited via online survey panels by ORB (Gallup) International using fixed quotas at the national level for 

sex, age, and sub-national region.

Data collection n/a

Timing The survey was in field between 7 and 14 September, 2020.

Data exclusions No data was excluded from the analyses.

Non-participation Individuals who did not wish to participate simply did not complete the survey. We (the authors) do not have access to this 

information as ORB (Gallup) International provided a quota-matched sample of respondents.

Randomization Of the 4,000 respondents in each country, 75% were exposed to misinformation, while 25% were exposed to factual information.

Reporting for specific materials, systems and methods
We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material, 
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Dual use research of concern

Methods
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Human research participants

Policy information about studies involving human research participants

Population characteristics See above

Recruitment Participants were recruited via an online panel of respondents (see above). There may be technological literacy biases 

associated with this sample, however, we do control for highest level of education.
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