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COVID-19 vaccine refusal is driven by
deliberate ignorance and cognitive
distortions

Check for updates

Kamil Fuławka1 , Ralph Hertwig 1 & Thorsten Pachur1,2

Vaccine hesitancy was a major challenge during the COVID-19 pandemic. A common but sometimes
ineffective intervention to reduce vaccine hesitancy involves providing information on vaccine
effectiveness, side effects, and related probabilities. Could biased processing of this information
contribute to vaccine refusal? We examined the information inspection of 1200 U.S. participants with
anti-vaccination, neutral, or pro-vaccination attitudes before they stated their willingness to accept
eight different COVID-19 vaccines. All participants—particularly those who were anti-vaccination—
frequently ignored some of the information. This deliberate ignorance, especially toward probabilities
of extreme side effects, was a stronger predictor of vaccine refusal than typically investigated
demographic variables. Computational modeling suggested that vaccine refusals among anti-
vaccination participants were driven by ignoring even inspected information. In the neutral and pro-
vaccination groups, vaccine refusal was driven by distorted processing of side effects and their
probabilities. Our findings highlight the necessity for interventions tailored to individual information-
processing tendencies.

In 2019, the World Health Organization listed vaccine hesitancy—the
reluctance or refusal to get vaccinated despite the availability of vac-
cines—as one of the top 10 global health threats1. Vaccine hesitancy is
a complex phenomenon determined by historical, political, and socio-
cultural factors, as well as individual knowledge and risk perception2.
Recent reviews of over 100 surveys in high-, middle-, and low-income
countries indicate that concerns about the side effects (risks) and
effectiveness (benefits) of COVID-19 vaccines are among the main
reasons for vaccine hesitancy3,4. Accordingly, many interventions to
reduce vaccine hesitancy aim at providing factual information on
vaccine evidence—that is, possible harms, potential benefits, and their
probabilities—in a comprehensible fashion (e.g., using fact boxes)5,6.
However, there is evidence that such transparent communication of
the evidence does not impact people’s vaccination intentions7.
Moreover, qualitative investigations show that the decision to refuse
vaccination can be driven by factors unrelated to vaccine evidence,
such as experiences of racism and mistreatment by medical
professionals8, distrust of the pharmaceutical industry, or alternative
understandings of medicine9. This begs the question of how (if at all)
people use information about vaccine evidence. Do they ignore it? If
they process it, are there distortions in the cognitive processing? Could
the information be processed differently by people with different

vaccination attitudes? And how does the effect of possible cognitive
distortions on vaccine refusal compare to the effect of other relevant
factors, such as demographic variables?

In this article, we leverage theoretical and analytical ideas as well as
methodological tools from cognitive and behavioral science that have been
developed to study individual decision processes to investigate how indivi-
duals with different attitudes toward COVID-19 vaccines process infor-
mation on vaccine evidence. Our approach, where people make
accept–refuse vaccination decisions for various existingCOVID-19 vaccines
(similar to refs. 10,11), allows us to characterize and measure how people
process commonly provided information about vaccine evidence; it also
allows us to capture and compare the influence of extraneous factors (which
are unrelated to vaccine-specific information) on people’s vaccination
decisions. Previous studies based on surveys and descriptive analyses—
showing that people are more willing to accept a vaccine when it is more
effective and has fewer and less frequent side effects—have not been able to
cast light on these details of the decision process10–19.

We used process-tracing methodology and computational modeling to
examine the extent to which peoplemay engage in deliberate ignorance20 and
how they may distort information on vaccine evidence during information
processing. Figure 1 outlines our conceptual framework. In our study, we
operationalize deliberate ignorance of vaccine evidence as choosing not to
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inspect a piece of information on a vaccine’s side effects, benefits, and their
probabilities in the pre-decision phase. We distinguish three levels of delib-
erate ignorance: full, partial, and none.With full deliberate ignorance, people
abstain from inspecting any information on vaccine evidence (Fig. 1a); their
decisions may then be based on other factors instead, such as trust in the
government or the belief that COVID-19 is no worse than a common cold
(see refs. 3,21,22 for other factors). With partial deliberate ignorance, people
ignore some—but not all—of the vaccine evidence information. Here, we
focus on a specific manifestation of partial deliberate ignorance, probability
neglect in which a vaccination outcome (e.g., side effect) is inspected, but its
probability is not (Fig. 1b; see “Methods: Preregistration”). Probability neglect
has beenobserved fordreadful riskyoutcomes23,24, including the side effects of
medications25–29. These studies indicate that the neglected probability is
treated as if the correspondingoutcomewas certain tooccur,which, in case of
outcomes such as vaccination side effects, would result in an increased rate of
vaccine refusal (see Fig. 1b). Finally, with no deliberate ignorance, people
inspect all information on vaccine evidence and consider it in their decision
(Fig. 1c); even then, however, the cognitive processing of this information
may be distorted (e.g., such that is it not fully considered in the decision) and
thus deviate from what is considered a rational way to process information.

Vaccination decisions can be conceptualized as instances of risky
choice30,31. Based on research into risky choice, our conceptual framework
considers two types of cognitive distortions: (nonlinear) probabilityweighting
and loss aversion. Probability weighting refers to the observation that people

make risky decisions as if they processed probabilities nonlinearly, with low
and high probabilities being over- and underweighted, respectively32. In
vaccination decisions, this would mean overweighting the typically low
probabilities of side effects andunderweighting the typically highprobabilities
of benefits of a vaccine (Fig. 1, reduced probability sensitivity—stronger
curvature of the probability weighting function indicates lower sensitivity).
Loss aversion refers to the observation that people make risky decisions as if
the psychological impact of losses is greater than that of gains32. In the context
of vaccination decisions, loss aversion would mean that the psychological
impact of possible side effects outweighs that of the potential benefits33–35. To
capture loss aversion, comparable quantitative measures of the representa-
tions of the side effects and benefits are necessary. Medical outcomes often
trigger pronounced self-reported27,36–38 and physiological affective reactions27;
we therefore used positive andnegative self-reported affect ratings of vaccines’
benefits and risks, respectively, to quantify people’s valuations of the out-
comes. Loss aversion can then be measured by comparing the slopes of the
value function over the side effects and the benefits of a vaccine, with a steeper
slope over the side effects indicating loss aversion (Fig. 1).

To examine people’s information processing of vaccine evidence
underlying COVID-19 vaccination decisions, we conducted an online
study with U.S. citizens (N = 1200) who self-reported as having anti-
(n = 365), neutral (n = 373), or pro- (n = 462) COVID-19 vaccine
attitudes (vaccination attitude was measured using a single question
with three response options; see “Methods: Study sample”). We
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Fig. 1 | Information processing underlying vaccination decisions.Different ways
of processing information about the vaccine evidence, yielding an individual i's
probability of accepting vaccine v, denoted by P(accept). Path a represents full
deliberate ignorance. Vaccine evidence is not inspected at all, and the decision is
based on other factors related to the individual i and the vaccine v, denoted by βi and
βv, respectively. Path b represents probability neglect, a type of partial deliberate
ignorance inwhich only the possible outcomes of a vaccine but not their probabilities
are acquired. In such cases, people usually perceive the outcome as certain to happen.
However, in principle, it is also possible to ignore probability value and perceive the
corresponding outcome as impossible to occur. Path c represents no deliberate

ignorance. All information is inspected, but the probability information may be
cognitively distorted via nonlinear probability weighting; the curvature of the
probability weighting functionmeasures the extent of such distortion. In paths (b) to
(c), the neglected and weighted probabilities w(p) are integrated with the subjective
values of the corresponding outcomes, which in the model are numerically repre-
sented by affect ratings a, transformed with value function v. The difference between
the slopes of the value function over the side effects and the benefits of a vaccine
constitutes a measure of loss aversion—a second cognitive distortion considered in
our investigation.
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recruited similarly large samples of anti-, neutral, and pro-vaccination
participants to have comparable power when testing for potential
processing differences between the three attitude groups (see “Meth-
ods: Preregistration”). Participants made a series of decisions about
their willingness to get vaccinated with each of eight internationally
licensed COVID-19 vaccines, one after the other. For each vaccine,
participants could choose to inspect information on vaccine evidence,
including side effects (e.g., blood clots, severe headache, tiredness) and
benefits (protection against COVID-19 infection, severe illness, and
death and the corresponding probabilities) (see Table 1). We recorded
participants’ information inspection behavior—choosing to view a
piece of information—with the process-tracing methodology
Mouselab39 (see “Methods: Mouselab task”). In Mouselab, the attri-
butes of objects—here, pieces of information on vaccine evidence—are
hidden behind labeled boxes, and each attribute can be inspected, one
at a time, by hovering the mouse cursor over the respective box (Fig.
2a). In each trial, the brand, vaccine technology, and country of
development were clearly displayed at the top of the screen. Partici-
pants could decide based on this information without inspecting any
information about the vaccine evidence. Participants could explore the
available information as long and often as they wished before deciding
whether to accept or refuse the vaccine. Finally, we obtained quanti-
tative measures of each participant’s subjective valuations of the out-
comes by asking them to provide affect ratings for each side effect and
benefit (Fig. 2b; see also “Methods: Affect rating task”).

Results
In all statistical analyses, we used Bayesian hierarchical models with
participant-level intercepts—accounting for each participant making eight
decisions—and the analyses were always conducted on the level of a single
decision (see “Methods: Statistical modeling”). Our statistical inferences
were based on the posterior distributions of the regressionweight of interest
(e.g., the differencebetween attitude groups in vaccine acceptance rates). For

each dependent variable, we present themodel-based predicted value of the
variable (e.g., the posterior predictive distribution of vaccine acceptance
probability) and the raw data (e.g., the observed vaccine acceptance pro-
portions). The predicted values shown in the figures are medians of the
posterior predictive distributions with 95% highest density intervals (HDI).

Vaccination decisions
A total of 61.9% (226/365) of participants in the anti-vaccination
group, 11.7% (44/373) of participants in the neutral group, and 0.4% (2/
462) of of participants in the pro-vaccination group refused all eight
vaccines. On average, participants in the anti-vaccination, neutral, and
pro-vaccination groups accepted one, three, and five of the eight vac-
cines, respectively. Interestingly, the non-zero acceptance rate in the
anti-vaccination group was mainly driven by almost 30% of these
participants indicating a willingness to accept the Indian vaccine
Bharat Biotech.

We first tested how demographic and individual variables were
related to the decision to accept or refuse a vaccine (Fig. 3). The
strongest predictors of vaccine acceptance were vaccination attitude,
the number of vaccinations against COVID-19 a participant had
received by the time of the study, and vaccine brand. The raw data
showed that political orientation and education level were related to
vaccination decisions—consistent with results in previous studies (see
ref. 3). These relationships, however, vanished when tested in the full
statistical model, because political orientation and education (and age)
had strong relationships with vaccination attitudes and the history of
vaccinations against COVID-19 (see Supplementary Information). The
strong link between participants’ vaccination decisions measured in
our study and their vaccination attitudes and actual vaccination history
suggests that they took the decision task seriously.

We conducted twomain sets of analyses to investigate the information
processing underlying participants’ vaccination decisions. First, we used
statistical models to investigate the relationship between deliberate

Fig. 2 | Experimental procedure. a Example screen from the decision task. Only one
information box could be inspected (uncovered) at a time by hovering the mouse
cursor over it. b Example items from the affect rating task. Participants rated their
negative affect for the 15 side effects in a Likert matrix table: All side effects were
presented at once, making it easier for participants to provide internally consistent

ratings. Ratings of positive affect for the three benefits of vaccination were collected
on a separate screen. Note that the labels for the different levels of the rating scales
were identical for positive and negative affect. In the analyses, the positive and
negative affect ratings were coded as 1 to 5 and −5 to −1, respectively.

https://doi.org/10.1038/s41541-024-00951-8 Article

npj Vaccines |           (2024) 9:167 3

www.nature.com/npjvaccines


ignorance of vaccine evidence (measured with Mouselab) and vaccination
decisions. Second, we used computational modeling to investigate the
cognitive distortions in the processing of the inspected vaccine evidence—
that is, probability weighting and loss aversion—and its impact on vacci-
nation decisions.

Deliberate ignorance and vaccination decisions
Our first main set of analyses focused on how participants’ vaccination
decisions were related to whether they inspected all, some, or no informa-
tion on vaccine evidence. We begin by analyzing full and partial deliberate
ignorance and then examine probability neglect (a specific case of partial
deliberate ignorance) in greater detail (see “Methods: Preregistration”).

In the next two sections, we report results from statistical models that
included demographics and individual variables (Fig. 3) as covariates. In the
Supplementary Information, we report robustness checks testing whether
the inclusion of these covariates or the selection of specific subsets of cov-
ariates affects our conclusions. We note in the main text which results were
not robust.

Did participants engage in deliberate ignorance, and how was it
related to vaccination decisions? Drawing on the data recorded with
Mouselab, we analyzed participants’ information inspection behavior by
assigning each trial to one of three levels of deliberate ignorance (see
“Methods: Preprocessing of information inspection data”): (1) full
deliberate ignorance—the vaccine evidence was not inspected at all, (2)
partial deliberate ignorance—some but not all of vaccine evidence
information was inspected, and (3) no deliberate ignorance—each piece
of information on vaccine evidence was inspected at least once.

As shown in Fig. 4a, anti-vaccination, neutral, and pro-vaccination
participants exhibited full deliberate ignorance in 18%, 9%, and 7% of
decisions, respectively. A comparison of the proportions of decisions with
different levels of deliberate ignorance across the three participant groups
showed that anti-vaccination participants ignored information to a
larger extent than neutral (Δ = −1.03, 95% HDI: [−1.56, −0.51]) or
pro-vaccination participants (Δ = −1.45, 95% HDI: [−2.19, −0.77]); the
proportions did not differ between the neutral and pro-vaccination groups
(Δ =−0.43, 95% HDI: [−0.16, 1]).

The level of deliberate ignorance was strongly related to vaccination
decisions: The probability of vaccine refusal was highest when participants
exhibited full deliberate ignorance and lowest when participants exhibited
nodeliberate ignorance (Fig. 4b). This aggregate pattern also heldwithin the
anti-vaccination and neutral groups (Fig. 4c–d). In the anti-vaccination
group, full deliberate ignorance was almost always followed by vaccine
refusal; in the pro-vaccination group, by contrast, full deliberate ignorance
was associated with a higher probability of vaccine acceptance than partial
deliberate ignorance. This suggests that in the pro-vaccination group, full
deliberate ignorancewas often driven by general and external factors such as
trust in science and institutions that—from the point of view of these par-
ticipants—made the inspection of information about vaccine evidence
superfluous.

How was probability neglect related to vaccine refusal? We defined
probability neglect as cases in which there was at least one instance where
a participant inspected an outcome but not its probability (see “Methods:
Preprocessing of information inspection data”). Thus, probability neglect
was indexed with a binary variable on the level of each trial: Probability
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neglect (1) occurred or (2) did not occur before the decision was made.
We created separate indices of probability neglect for side effects and for
benefits; we also measured probability neglect for side effects depending
on the severity of the side effect (i.e., extreme, severe, or mild; see
“Methods: Vaccine evidence data”).

Participants in the anti-vaccination, neutral, and pro-vaccination
groups exhibited probability neglect for side effects in 15%, 13%, and
9% of vaccination decisions, respectively, and for benefits in 8%, 6%,
and 4% of decisions, respectively. Furthermore, 47%, 40%, and 31%
of participants in the anti-vaccination, neutral, and pro-vaccination
groups, respectively, exhibited probability neglect for side effects in at
least one vaccination decision; for benefits, the figures were 33%,
29%, and 19%, respectively. Nominally, both probability neglect for
side effects and probability neglect for benefits were more frequent in
the neutral and anti-vaccination groups than in the pro-vaccination
group (Fig. 5a), but these differences were not robust (see Supple-
mentary Information).

To examine how probability neglect for side effects and benefits was
related to vaccination acceptance or refusal, we tested them as predictors of
vaccination decisions. Probability neglect for side effects was linkedwith an
increased probability of vaccine refusal (ORrefuse = 1.22, 95% HDI: [1.09,
1.35]), as was probability neglect for benefits (ORrefuse = 1.22, 95% HDI:
[1.05, 1.42]), but the latter result was not robust (see Supplementary
Information).

The effect of probability neglect on vaccination decisions may
also depend on the severity of the side effect40. We therefore dis-
tinguished whether the probability neglect occurred for an extreme,
severe, or mild side effect or for a benefit. The analysis revealed two
robust effects
(Fig. 5b). First, vaccine refusal was much more likely in trials where
the probability of an extreme side effect was neglected (Fig. 5b–d).
For example, participants who learned that AstraZeneca could lead to
blood clots but did not learn that the probability of this side effect is

extremely low were much more likely to refuse the vaccine than those
who inspected both pieces of information. Second, vaccine refusal
was much less likely in trials where the probability of a mild side
effect was neglected. For instance, participants who learned that
Sinovac could lead to tiredness but did not learn that this side effect
occurs frequently were much more likely to accept the vaccine than
those who inspected both pieces of information. This result makes
intuitive sense but is at odds with the existing literature, which has
focused only on how probability neglect leads to the avoidance of
potentially dangerous events23,24.

The effects of probability neglect for extreme and mild side effects,
and the effect of full deliberate ignorance, were substantially larger than
the effects of the demographic variables and were among the strongest
effects in the regression model (Fig. 5c). The three effects also held
across vaccination attitude groups (Fig. 5d) and more than 30 different
model specifications (see Supplementary Information). Thus, how
participants inspected and ignored information about vaccine evidence
seemed to be a key predictor of their decision to get vaccinated with a
given vaccine or not.

Cognitive distortions of vaccine evidence
In the next set of analyses, we used computational modeling to investi-
gate the cognitive distortion of information on the vaccine
evidence that participants inspected. Recall that in order to have a
quantitative measure of participants’ subjective valuation of a vaccine’s
possible outcomes, we asked each participant to rate (see Fig. 2b) the
negative (positive) emotion they would feel due to each side effect
(benefit). Here, we start by comparing the average affect ratings across
the three attitude groups. We then used the individual affect ratings as
numerical inputs in computational modeling to investigate how the
inspected information on vaccine evidence, including probabilities, was
processed.
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Did affect ratings of vaccine outcomes vary by vaccination attitude?
The average affect ratings of the anti-vaccination, neutral, and pro-
vaccination groups are presented in Fig. 6 (see “Methods: Statistical
modeling”). The anti-vaccination group gave the most negative affect
ratings for side effects and the least positive ratings for benefits. The pro-
vaccination group gave the least negative affect ratings for side effects and
the most positive ratings for benefits. The affect ratings of the neutral
group fell in between. Differences in average affect ratings between
groups were much more pronounced for benefits (i.e., positive affect
ratings) than side effects (i.e., negative affect ratings). These results show
that vaccination attitudes are themselves associated with different emo-
tional reactions to the possible outcomes of a vaccine that are indepen-
dent of the vaccine brand or other external factors. All groups rated severe
side effects as less negative than extreme side effects and more negative
thanmild side effects; this shows that the affect ratings track the objective
magnitudes of the side effects and suggests that they constitute a rea-
sonable measure of the subjective values of the vaccination outcomes for
use in the computational modeling.

Nonlinear probability weighting and loss aversion in vaccine deci-
sions.We now turn to how participants processed the information about
vaccine evidence that they inspected before making a vaccination deci-
sion. To this end, we developed a computational model (see “Methods:

Computational modeling”) that can capture all paths to reach a decision
presented in Fig. 1. In the model, the probability of individual i accepting
a vaccine v, denoted by P(accept), is a function of three additive com-
ponents:

Pð accept Þ / βi þ βv þ φVi;v: ð1Þ

The βi parameter is an individual-level decision bias and captures a
participant’s general propensity to accept or refuse a vaccine, irrespective of
the vaccine’s properties. Theβvparameter captures effects that are specific to
a given vaccine, such as country of origin or the underlying technology, and
do not pertain to the vaccine evidence; these effects are assumed to be the
same for all participants. Finally, the term φVi,v represents a model-based
estimate of participant i’s subjective valuation of vaccine v. As shown in
Fig. 1b–c, this valuation is based on vaccine evidence information—the
vaccine’s outcomes, numerically represented by the individual affect ratings,
and their probabilities—and is derived using prospect theory32

(see “Methods: Formal model specification”).
To what extent were the vaccination decisions driven by individual

decision biases, vaccine-specific effects, and subjective distortion of
vaccine evidence? The first row in Fig. 7 addresses this question. For the
majority of the anti-vaccination group, there was a decision bias
(Fig. 7a) to refuse the vaccine that was so strong that the effects of the
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hierarchical logistic regressions—the horizontal line represents the median of the
posterior predictive distribution, and the vertical line represents the 95% highest
density interval. cOdds ratio values from a Bayesian hierarchical logistic regression.
All factors were coded with sum-to-zero contrasts, such that the coefficients indicate

the deviation from the average vaccine acceptance rate. The coefficients for vacci-
nation attitude and history, and vaccine brand represent the effects of vaccination
attitude, vaccine brand, and the interaction of the two; vaccination history refers to
the effect of the number of actual vaccinations against COVID-19. The area outside
the dashed lines is a space of effect size values considered practically relevant by
convention (i.e., j logðORÞj≥ 0:2). d Odds ratio values from Bayesian hierarchical
logistic regressions, estimated separately for each attitude group. The odds ratios for
the predictors deliberate ignorance and probability neglect in panels (c) and (d) are
the ratios for vaccine refusal.
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Fig. 6 | Affect ratings of vaccination outcomes.The × symbols show empirical data.
The + symbols show expected mean affect ratings from Bayesian hierarchical
ordered-logit regressions, estimated separately for each outcome group—the hor-
izontal line represents the median of the posterior predictive distribution, and the

vertical line represents the 95% highest density interval. A triangle indicates when
the 95% highest density interval of the posterior difference between the neighboring
estimates excluded zero.

Fig. 7 | Information weighting and distortion. a Group-level (vertical lines) and
individual-level (histograms) decision biases. b Group-level estimates of vaccine-
specific effects on vaccination decisions. The coefficients show the predicted dif-
ference in the probability of refusing or accepting a vaccine from the average
probability in a given group. cDistributions of subjective valuations φVi,v, separately
for accept and refuse decisions. The y-axis in panels (a–c) is on the scale of the linear
predictor, which is then transformed via the inverse-logit function to obtain the
predicted probability of vaccine acceptance shown on the right of panel (c).dGroup-
level (vertical lines) and individual-level (histograms) estimates of the loss aversion
parameter λ. λ > 1 values indicate loss aversion; λ = 1 indicates loss neutrality.
e–g Value function (VF) for the anti-vaccination, neutral, and pro-vaccination

participants based on the group-level posterior distributions of the parameter esti-
mates. h Group-level (vertical lines) and individual-level (histograms) estimates of
the probability weighting parameter γ. Higher values of γ indicate more linear
probability weighting. i–k Probability weighting function (PWF) for the anti-vac-
cination, neutral, and pro-vaccination participants based on the group-level pos-
terior distributions of the parameter estimates. In panels (a, d, and h), the thin and
thick vertical lines show 95% and 80% highest density intervals, respectively, of the
posterior distribution of the group-level parameter estimates. The histograms show
distributions of the posterior means of the individual-level parameters. The gray
values and points in panels (e–g) and (i–k) give the proportions of ignored outcomes
and probabilities, respectively, within each attitude group.
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vaccine’s properties (Fig. 7b) and valuations (Fig. 7c) rarely pushed
the probability of acceptance above 50%. In the neutral group, the
distribution of the decision bias was clustered below zero (Fig. 7a),
indicating that these participants showed a weak a priori propensity to
refuse a vaccine; nevertheless, their vaccination decisions were also
driven by vaccine-specific effects (Fig. 7b) and by consideration of
vaccine evidence information (Fig. 7c). Almost all participants in the
pro-vaccination group showed a bias toward accepting the vaccine
(Fig. 7a), but the size of this bias was not as large as the refusal bias in the
anti-vaccination group. Overall, the distributions of subjective valua-
tions Viv of the vaccine evidence (Fig. 7c) were comparable to the
distributions of the individual decision biases. This indicates that
the subjective valuations of the vaccine’s effectiveness, side effects, and
probabilities drove the vaccination decisions, particularly among the
neutral and pro-vaccination participants.

The value function captures the subjective valuation of the vaccines’
side effects and benefits (Fig. 7d–g). These results show that nearly all
participants exhibited substantial loss aversion. This is indicated by the
individual-level values of the λ parameter above 1 (Fig. 7d) and the asym-
metric shapes of the curves over the ratings of side effects and benefits (Fig.
7e–g).On average, the impact of a side effect rated as extremely negativewas
four times stronger than that of a benefit rated as extremely positive among
the neutral and pro-vaccination participants. In the anti-vaccination group,
the average degree of loss aversion was lower. Although this may seem
counterintuitive, note that the anti-vaccination participants already
expressedconsiderably strongeraffective responses to the side effects than to
the benefits (Fig. 6).

The probability weighting function (Fig. 7h–k) captures the subjective
valuation of probabilities, and the function’s shape is governed by the
probability weighting parameter γi, with higher values indicating more
linear probabilityweighting (and lower values indicating lower sensitivity to
differences in probability). On average, individual probability weighting γi
was highest in the neutral group and lowest in the anti-vaccination group.
Additional analyses suggest that anti-vaccination participants ignored
probabilities even after inspecting them (see Supplementary Information).
The inverse S-shaped form of the estimated probability weighting functions
indicates that overall, the impact of small probabilities of side effects on
vaccination decisions was higher than warranted based on their objective
value; the impact of high probabilities of protection was smaller than war-
ranted based on their objective value.

Qualitatively, both the value and probability weighting functions show
relatively similar patterns across the three groups: All participants exhibited
some degree of loss aversion and nonlinear probability weighting. Thus,
computational modeling suggests that the vaccination decisions of all
groups were characterized by some sort of aversion to side effects: Negative
affect associated with side effects hadmore impact on vaccination decisions
than did the positive affect associated with benefits (protection), prob-
abilities of side effects were overweighted, and probabilities of benefits were
underweighted. Since neutral and pro-vaccination participants were the
most sensitive to vaccine evidence, these results suggest that cognitive dis-
tortion in the form of side-effect aversion was among the main reasons for
vaccine refusal decisions in these two groups.

Discussion
According to principles of good evidence communication41, the overarching
aim should be to inform rather than persuade. Thismeans, for instance, not
cherry-picking findings and results but rather presenting “potential benefits
and possible harms in the same way so that they can be compared fairly”
(see p. 363 in ref. 41. In light of these objectives of evidence communication,
however, it is also crucial to understand the effects of evidence commu-
nication. For instance, how do people process evidence about the potential
benefits and harms of vaccines that are provided to them?We used process-
tracing methodology and computational modeling to investigate how par-
ticipants with anti-vaccination, neutral, and pro-vaccination attitudes
inspected and processed evidence about COVID-19 vaccines: Did they fully

inspect all evidence or deliberately ignore some of it20? And if they deviated
from rational information processing, in what way?

All three attitude groups deliberately ignored some or all vaccine evi-
dence information. Exhaustive inspection of the evidence was associated
with higher vaccine acceptance. By contrast, inspecting information about
possible extreme side effects but not their probabilities—an instance of
probability neglect—was strongly associated with the decision to refuse a
vaccine. Participants in all three groups valued the risks and benefits of
vaccines unequally, showing aversion to side effects—in the sense that they
had a stronger psychological response to the possible side effects of vaccines
than to their potential benefits (akin to loss aversion in choicesbetween risky
prospects). In addition, all three groups overweighted the low probabilities
of side effects, albeit to a different extent (see also refs. 33,35).

We also observed important differences between the groups in
information processing. A substantial proportion of participants in
the anti-vaccination group did not inspect any evidence about the
vaccines. This full deliberate ignorance of vaccine evidence was almost
always associated with vaccine refusal. Furthermore, the computa-
tional modeling analysis suggested that the anti-vaccination group’s
high refusal rate was driven by a strong decision bias against vacci-
nation. This means that in this group, the decision to refuse vacci-
nation was essentially insensitive to evidence about the COVID-19
vaccines, even if evidence was initially inspected. There could be
various reasons for this pronounced bias against vaccination,
including mistrust in government, science, doctors, and health
authorities42,43. Indeed, in the absence of basic trust, evidence about
vaccines may be deemed to lack credibility. Participants with a
vaccination-neutral attitude—who probably represent the largest
group in the population44—displayed the most “rational” information
processing. They showed the most linear probability weighting and
overall highest sensitivity to vaccine evidence. Furthermore, they were
not more likely to deliberately ignore vaccine evidence information
than those in the pro-vaccination group.

Several insights follow from our findings. They underscore the
importance of tailoring interventions to increase vaccine uptake to specific
target groups. Our findings suggest a simple way to predict a person’s
processing of information about vaccine evidence—namely, based on their
attitude to COVID-19 vaccination. This can be measured by asking people
to categorize themselves as pro-vaccination, neutral, or anti-vaccination. A
person’s general vaccination attitude could be assessed before medical
interviews or implemented on information websites. Based on the self-
declaredattitude, the content and formatof thepresented information could
be adjusted accordingly (e.g., whether it is necessary first to establish trust or
whether the focus should be on making risk information more accessible).
However, this idea requires further testing, including how exactly people
understand the ‘neutral’ vaccination attitude and how exactly to tailor the
interventions to neutral and anti-vaccine participants. In the following
paragraphs, we offer concrete ideas on how such tailored interventions
could look like.

Theprevalentdeliberate ignorance of vaccine evidence among the anti-
vaccination constitutes a practical barrier to the approach of risk commu-
nication that is meant to inform but not persuade41. Importantly, however,
this does notmean that health communicators andhealth authorities tasked
with evidence communication should abandon the goal of informing and
instead give in to the urge to persuade or oversimplify (see ref. 41). Instead, it
means that risk evidence communicators need to be realistic about their
expectations. It also means that they must consider other aspects of their
efforts, such as the relationship between the communicator and the audi-
ence (e.g., it may be advisable to deploy trusted community-based vacci-
nation champions who are willing and able to engage in dialogue and
support communication activities45). In addition, it means explicitly
addressing the major concerns of segments of the population that are
skeptical of vaccination. This includes disclosing uncertainties and
addressing what science does not know41,46; communicating about side
effects and adverse events in understandable, nontechnical, and transparent
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language to maintain trust and counter misinformation5,47; and explicitly
addressing vaccination-related myths and false information (see ref. 45).

Assuming that trust can be re-established among people with an
anti-vaccination attitude, how will they process the evidence when
they inspect it? Here, the results of our modeling approach are par-
ticularly relevant. In the anti-vaccination group, we observed that
individuals, to the extent that they inspected the vaccine evidence,
based their decisions solely on possible side effects and benefits
(e.g., the protection against severe COVID-19) but disregarded the
probabilities, even if they were inspected (for further details, see
Supplementary Information). This tendency to close one’s eyes to
probabilities is qualitatively different from the information processing
in the group of neutral participants. Based on these observations,
targeted interventions that address this disregard of probabilities
(including the overweighting of the side effects’ small probabilities)
appear desirable.

What shape might such an intervention take? One approach is to use
interactive simulations to convey vaccine evidence. Such simulations imitate
the sequential and experiential mechanisms by which people naturally
encounter risk information. A recent study48 found that vaccination-
hesitant adults were more likely to express an intention to get vaccinated
when they learned about the likelihood of experiencing various COVID-
related events with and without vaccination through interactive simulation
relative to being presented with the same information in fact boxes. One
possible reason for this effect may be the inescapable sampling involved in
the interactive risk simulation. This may make it more difficult to ignore
probability information (e.g., of side effects), leading to less deliberate
ignorance and less distorted probability weighting. In addition, there is
evidence that presenting probabilities in visual formats such as icon arrays,
where icons represent people affected versus not affected, can reduce side-
effect aversion34. Importantly, interactive simulations may also be a perti-
nent method to address the aversion to side effects in the group of people
with neutral attitudes.

More generally, side-effect aversion occurred across all three groups. All
groups valued possible risks higher than potential benefits (see Fig. 7d–g). To
avoid these strong reactions to side effects, authorities might be tempted not
to disclose them or to disclose them selectively for fear of jeopardizing public
vaccine acceptance. While such a policy may initially decrease vaccine hesi-
tancy, it comes at a huge cost: Limited transparency undermines trust in
health authorities and fosters the spread of conspiracy beliefs47. How is it
possible to provide full transparency without prompting disproportionate
overweighting of side effects or partial ignorance? One option is interactive
simulations (described above); another is targeting the strong negative
emotions associated with side effects. A recent multi-country study found
that cognitive reappraisal (i.e., changing how one thinks about a situation) is
an effective strategy for reducingnegative emotions in the context ofCOVID-
1949. By extension, cognitive reappraisal may also be effective in reducing
negative emotions about vaccines. For example, the ‘rethinking’ strategy
included in ref. 49 study could involve putting vaccination side effects into a
broader perspective by emphasizing that any side effects would be less severe
than COVID-19 symptoms without vaccination, or that extreme adverse
events such as blood clots are in fact much more likely after a COVID-19
infection than after a vaccination—and that even when they do occur, the
chances for successful treatment are very high.

We note a couple of limitations of our study. First, participants were
paid a flat rate upon completion of the survey (see “Methods: Study sam-
ple”). This incentive scheme may have led some participants to click
through the study as quickly as possible and collect the payment. However,
given thatProlificparticipants havebeen shown tobeof highquality50,51, and
given our observation of systematic patterns of information inspection and
processing across the three groups, it seems unlikely that such minimal-
effort behavior critically shaped our results. Second, we did not explore
people’s reasons for deliberate ignorance. Even though we instructed our
participants to assume that the presented vaccine evidence is, in principle,
applicable to them personally (see “Methods: Mouselab task”), some

individuals may have engaged in deliberate ignorance because they thought
of themselves as already fully informed about the evidence. If this was the
case, however, participants should be more likely to ignore evidence related
to the U.S.-approved vaccines but inspect evidence about the other, less
familiar vaccines. However, we observed nearly as much deliberate ignor-
ancewith regard to vaccines approved for theU.S. as for thosenot approved:
on average, 46% and 41%, respectively. Based on these numbers, it seems
safe to conclude that preexisting knowledge of vaccine evidence was prob-
ably not among themain reasons for not inspecting the vaccine evidence in
our investigation.

Relatedly, our results do not establish a causal link between deliberate
ignorance and vaccination decisions but rather reveal associations between
them. A widely discussed explanation for the public divide in beliefs about,
for instance, vaccination, climate change, or evolution is that people engage
in ‘motivated reasoning’52. According to this argument, individuals skeptical
about vaccination or climate change are inclined to reject ostensibly credible
scientific information because it contradicts their prior beliefs. Rejecting
scientific evidence to thus protect one’s beliefs (or even one’s identity) could
take the formof not inspecting it altogether or inspecting only parts of it. It is
possible that belief-protecting or identity-protecting processing underlies
acts of deliberate ignorance (multiple causes have been suggested and dis-
cussed; see ref. 53). It is an exciting avenue for future research to investigate
in more detail the reasons behind the information processing observed in
the anti-vaccination group—such as motivated reasoning or suspicion of
medical services caused by experiences of racial discrimination by public
institutions. Finally, the strength of vaccine hesitancy is likely to vary across
people.We have simplified itsmeasurement so as to avoid complicating the
complex modeling across groups. Future studies could use a more fine-
grainedmeasure of vaccine hesitancy, potentially providing further insights
into the relationship between hesitancy and the processing of vaccine
evidence.

Developing and manufacturing safe and effective COVID-19 vaccines
within a year was a breathtaking success story of human ingenuity. Yet this
story had a sobering aftermath: Worldwide, many people refused vaccina-
tion. It is now the task of behavioral scientists to understand the reasons for
this phenomenon and to design betterways of communicating the available
evidence on the risks and benefits of COVID-19 vaccines. Our findings that
people often deliberately ignore vaccine evidence or process it in ways
counter to rational standards suggest that effective evidence communication
must take new and innovative paths. Societies can be fully prepared for
future pandemics only when technological ingenuity is coupled with cog-
nitive and behavioral insights.

Methods
Study sample
Weused Prolific and its filtering options to collect complete data from 1200
U.S. adults and obtain a relatively balanced sample of participants with anti-
vaccination, neutral, and pro-vaccination attitudes. We created three
instances of the same study, each available to 400 participants. One was run
with participants with anti-vaccination attitudes, another with participants
with pro-vaccination attitudes, and a third with participants with neutral
vaccine attitudes, as declared in the survey that Prolific provides to all
platform users. At the end of the study, we asked participants about their
vaccination attitudes to check for possible changes since the initial mea-
surement by Prolific. Specifically, we asked “How would you characterize
your general attitude toward vaccination against COVID-19? [Against,
Neutral, Pro].” Most observed changes were in the pro-vaccination direc-
tion, and thefinal sample consisted of 365 anti-vaccination, 373 neutral, and
462 pro-vaccination participants. For all our analyses, we used the attitude
that the participants reported at the end of the study.

The sample consisted of 720 women (60%), 463 men (39%), and 17
participants who chose “other” as their gender. The mean age was 38.23
years (SD = 13.76). We estimated that participants would need up to
20 minutes to complete the study; the actual median completion time was
around 12 minutes. Participants were remunerated with 2.50 GBP. See
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Supplementary Fig. 1 for the distribution of all collected demographic
variables within each attitude group.

The study was approved by the Internal Review Board (Ethics
Committee) of the Max Planck Institute for Human Development. To
participate in the study, each participant had to provide informed consent
by accepting the terms and conditions outlined in the Study Information
and Statement of InformedConsent for Adult Participants, presented at the
beginning of the procedure. Data collection occurred between April 19 and
April 25, 2022.

Vaccine selection
We included eight existing COVID-19 vaccines in the decision task,
asking participants to state their willingness to accept or refuse vac-
cines (see Fig. 2 and “Methods: Mouselab task”). There were several
reasons why we includedmore vaccines than only the three available in
the U.S. First, we includedmultiple vaccines to be able to obtain a more
precise measurement of individual tendencies to refuse or accept a
vaccine. Second, the different vaccines differed in terms of their worst
side effect and their effectiveness statistics (see Table 1); including
these vaccines allowed us to get more precise estimates of the tested
effects of probability neglect, loss aversion, and probability weighting.
Third, we considered it relevant to include vaccines that are based on
different technologies and/or were developed in different countries, as
we wanted to measure to what extent participants’ decisions were
sensitive to factors other than vaccination risks and benefits. Finally,
including vaccines not available in the US reduced the possibility that
people already had extensive knowledge of the vaccines’ risks and
benefits.

Our specific inclusion criteria were as follows:We included all vaccines
for which reliable clinical trial data of levels 3 and 4were available in English
at the time the study was designed. Initially, we also planned to include the

Sputnik vaccine, but it was dropped when Russia launched the full-scale
invasion of Ukraine.

Vaccine evidence data
The vaccine evidence information (i.e., vaccine effectiveness, side effects, and
the correspondingprobabilities) about the eight vaccines thatwerepresented
to the participants in themouse lab choice is provided inTable 1.A list of the
data sources we used was sent to the participants after they had completed
the study; the list canbe obtained upon request. In general,we drewonphase
4 trials (i.e., data collected from monitoring the vaccine after releasing it to
the public) for the data on vaccines’ effectiveness. If phase 4 trials were
unavailable, we used results from phase 3 clinical trials (i.e., double-blind
clinical trials involving thousands or tens of thousands of participants). The
main sources for the side effects and their frequencies were also results from
phase 3 trials or government reports. The latter were used mainly to obtain
the frequencies of extremely rare side effects. We selected the three most
severe side effects for each vaccine listed in the sources.

The eight selected vaccines included 15 side effects differing in severity:
(1) Mild side effects: fever, tiredness, headache, and muscle pain; (2) Severe
side effects: severe general discomfort, severe drowsiness, severe tiredness,
severe headache, and severe muscle pain; (3) Extreme side effects: blood
clots (thrombosis with thrombocytopenia syndrome), immune system
attacking the nerves (Guillain-Barré syndrome) or the blood (immune
thrombocytopenia), facial paralysis, heart muscle inflammation
(myocarditis), and heart membrane inflammation (pericarditis).

Experimental design
All participants explicitly consented to the conditions of the study. The
study had fourmain parts: (1) aMouselab task, (2) a willingness-to-pay task
implemented for exploratory analyses and not reported here, (3) an affect
rating task, and (4) a post-experimental survey. Each task beganwith a brief

Table 1 | Data presented in the Mouselab task

Side Effects (Risks)

Side effect 1 Side effect 2 Side effect 3 P (Side effect 1) P (Side effect 2) P (Side effect 3)

AstraZeneca Blood clots Immune system attacks
nerves

Immune system
attacks blood

20 out of 1,000,000 10 out of 1,000,000 5 out of 1,000,000

BioNTech/Pfizer Heart muscle
inflammation

Heart membrane
inflammation

Severe tiredness 16 out of 1,000,000 28 out of 1,000,000 46,000 out of
1,000,000

Moderna Heart muscle
inflammation

Heart membrane
inflammation

Severe muscle pain 25 out of 1,000,000 32 out of 1,000,000 100,000 out of
1,000,000

Johnson &
Johnson

Blood clots Immune system attacks
nerves

Severe muscle pain 38 out of 1,000,000 98 out of 1,000,000 14,000 out of
1,000,000

Novavax Severe general
discomfort

Severe tiredness Severe muscle pain 63,000 out of
1,000,000

83,000 out of
1,000,000

49,000 out of
1,000,000

Sinovac Facial paralysis Tiredness Muscle pain 50 out of 1,000,000 82,000 out of
1,000,000

40,000 out of
1,000,000

Bharat Biotech Fever Headache Tiredness 6700 out of
1,000,000

6700 out of
1,000,000

3200 out of
1,000,000

CanSino
Biologics

Severe drowsiness Severe headache Severe muscle pain 42,000 out of
1,000,000

54,000 out of
1,000,000

41,000 out of
1,000,000

Benefits (protection)

Benefit 1 Benefit 2 Benefit 3 P (Benefit 1) P (Benefit 2) P (Benefit 3)

AstraZeneca COVID-19 infection Severe COVID-19 Death from COVID-19 78% 91% 92%

BioNTech/Pfizer COVID-19 infection Severe COVID-19 Death from COVID-19 95% 96% 98%

Moderna COVID-19 infection Severe COVID-19 Death from COVID-19 96% 97% 98%

Johnson & Johnson COVID-19 infection Severe COVID-19 Death from COVID-19 71% 86% 82%

Novavax COVID-19 infection Severe COVID-19 Death from COVID-19 90% 87% –

Sinovac COVID-19 infection Severe COVID-19 Death from COVID-19 53% 71% 73%

Bharat Biotech COVID-19 infection Severe COVID-19 Death from COVID-19 78% 93% –

CanSino Biologics COVID-19 infection Severe COVID-19 Death from COVID-19 58% 92% –
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introduction of its general purpose. The procedure was programmed using
JavaScript and JSpsychby thefirst author andMaikMesserschmidt fromthe
research IT support team of the Center for Adaptive Rationality at theMax
Planck Institute for Human Development. The procedure, including the
consent form, is available in a preview mode at https://covid-vax.exp.arc.
mpib.org/.

Mouselab task. Participants were presented with information on eight
existing COVID-19 vaccines, one after the other, and were asked to
indicate for each vaccine whether they would be willing to get vaccinated
with it. The task started with a general introduction followed by detailed
explanations of the task and the vaccine-related information, and a
tutorial consisting of an example decision in which participants could try
out how the information inspection boxes work. The vaccine-related
information consisted of the developer/brand, country of origin, vaccine
technology, risks (side effects and their frequencies), and benefits
(effectiveness of the vaccine against COVID-19 infection, severe illness,
and death due to the disease).

In each trial, thevaccinebrand, countryoforigin, andvaccine technology
were visible at the top of the screen. The outcomes of the vaccine (i.e., side
effects and benefits) and their probabilities were hidden behind labeled black
boxes; this information could be revealed by moving the mouse cursor over
thebox (Fig. 2).The informationwas visible as longas the cursorhoveredover
the box. Participants could freely explore the information as long and as often
as they wished before making a decision, and the program recorded each
hovering event. To approximate howvaccination risks and benefits tend to be
presented in real life, the probabilities of side effectswere presented as number
of cases per 1,000,000 people, and effectiveness was presented using percen-
tages that designated the relative risk reduction in the vaccinated population
relative to the unvaccinated population. The presentation order of the vac-
cines, the relative position of risks to benefits, the relative positions of prob-
abilities to outcomes, and the yes/no buttons were randomized between
participants.However, to avoid confusion, the relativepositionofprobabilities
to outcomes and the yes/no buttons were held constant for each participant.

Before the actual task, participants were presented with a statement on
the reliability of the presented data andwere asked to “assume that the figures
presented refer to the current wave of the pandemic and apply to you per-
sonally”: Please keep in mind that the figures provided for the vaccines were
taken from official sources (vaccine package leaflets, clinical trial reports, gov-
ernment reports) and reflect thebest current state of knowledge.However, as the
pandemic evolves, these figures may change, especially as new variants emerge.
In addition, datamay vary across countries, age groups, and health conditions,
and due to other factors. It is therefore possible that the figures presented here
deviate from those you may have encountered in other contexts. This is una-
voidable, but it does notmean that the figures presented here are incorrect. For
the purpose of the study, please assume that thefigures presented refer to the
current wave of the pandemic and apply to you personally.

Affect rating task. This task consisted of two parts: affect ratings of the
potential risks of the vaccines and affect ratings of the potential benefits.
The presentation order of these parts was randomized between partici-
pants. Participants were asked to rate the overall negative and positive
affect associated with each side effect and benefit.

The instruction for rating the side effectswas as follows: In this task, you
will be presented with a list of possible side effects. Your task is to imagine
experiencing each of them after a COVID-19 vaccination. Please indicate the
amount of negative emotion you would feel as a result of experiencing the
event.Wemean anynegative emotion, such as feeling distressed, upset, guilty,
ashamed, hostile, irritated, nervous, jittery, scared, or afraid.

Participants were then shown a Likert matrix table with 15 rows, each
corresponding to one of the side effects (see Table 1).

The instruction for rating the vaccination benefits was as follows: In
this task, you will be presented with a list of the negative outcomes that
vaccines protect against. Your task is to imagine that you are fully protected
from each outcome. Please assess the amount of positive emotion you would

feel as a result of being protected from the event. We mean any positive
emotion, such as feeling excited, enthusiastic, proud, determined, relieved,
strong, or active.

Participants were then shown a Likert matrix table with three rows,
each corresponding to one of the benefits (see Table 1).

The rating scale and example emotions listed in the instructions were
based on the PANAS scale54. The labels for the negative and positive scales
were identical. In both parts of this task, the order of the outcomes in the
rating matrices was randomized for each participant.

Post-experimental survey. At the end of the study, we collected the
following demographic information: sex (male, female, other), age in
years (open-ended), racial identity (White, Black, Asian, multiracial,
other), education (≤high school, some college education, Bachelor’s
degree, ≥Master’s degree), political orientation (Democrat, Republican,
Independent, other), and annual income (0–$30,000, $30,001–$60,000,
$60,001–$99,999, ≥$100,000). Participants then reported the number of
COVID-19 vaccinations they had received (open-ended), which vaccine
they had received (BioNTech/Pfizer, Johnson & Johnson, Moderna), and
how many times they had tested positive for COVID-19 (open-ended).
We also asked: In your opinion, how likely is it that in the future you will
(get COVID-19, get severe COVID-19, die from COVID-19). Partici-
pants answered this question using a rating scale with four options:
definitely not, not likely, somewhat likely, and very likely. To measure
vaccination attitude, we asked: How would you characterize your general
attitude towards vaccination against COVID-19? (neutral, pro, against).
The final question was open-ended: Were there specific reasons for how
you searched for information about the vaccines in the decision task? How
would you characterize your search behavior?

Preprocessing of information inspection data
Aninstanceof information inspectionwasdefinedas an eventduringwhicha
participant hovered a mouse cursor over a labeled black box (Fig. 2a). Fol-
lowing standard practice, inspections that lasted less than 200 milliseconds
were assumed to be incidental and removed from further analyses55. The
remaining inspection data was used to construct trial-level (i.e., relating to a
single vaccination decision) indices of deliberate ignorance for later usage in
statistical and computational modeling. We based our analyses on the
number of inspections of each piece of information rather than on total
inspection times. The information we presented varied in format and char-
acter lengths (e.g., frequencies, percentages, text), which could affect
inspection duration.

We distinguished between three levels of deliberate ignorance: full,
partial, and none. The level of full deliberate ignorancewas assigned to trials
in the decision task in which no information on vaccine evidence was
inspected. The level of partial deliberate ignorance was assigned to trials in
which at least one information box on vaccine evidence was uncovered,
excluding trials in which all information was inspected. The level of no
deliberate ignorance was assigned to trials in which each piece of infor-
mation on vaccine evidence was inspected at least once.

For all types of probability neglect investigated in the analyses (i.e., for
benefits, side effects, and extreme, severe, and mild side effects), we dis-
tinguished between two levels: probability neglect either occurred or did not
occur in the information inspection phase prior to the vaccination decision.
A trial was classified as involving probability neglect of side effects if
probability information for at least one side effect was not inspected, but the
corresponding side effectwas inspected; the same logic was used for benefits
and for specific groups of side effects (i.e., mild, serve, or extreme).

Statistical modeling
All statistical models presented were estimated using the brms
package56 called from R57. All predictors were categorical and always
codedwith sum-to-zero contrasts. Posterior distributions of themodels
were estimated using four chains. Each chain consisted of 4000 itera-
tions. The first half was used for burn-in, and only every second sample

https://doi.org/10.1038/s41541-024-00951-8 Article

npj Vaccines |           (2024) 9:167 11

https://covid-vax.exp.arc.mpib.org/
https://covid-vax.exp.arc.mpib.org/
www.nature.com/npjvaccines


was recorded from the second half, resulting in 4000 recorded samples
in total. The sampling procedure resulted in well-mixed chains, as
indicated by R̂ values lower than 1.01.

We ran Bayesian hierarchical logistic regressions with a random
intercept across participants for binary outcome variables (i.e., vaccine
acceptance and probability neglect). For ordinal outcome variables (i.e.,
deliberate ignorance and affect ratings), we used Bayesian hierarchical
ordinal regressions, developed specifically for these types of variables58.
As priors for the regression coefficients in both types of models, we used
zero-centered Student’s t-distribution, with a scale parameter of 2.5 and 3
degrees of freedom, which is considered a weakly informative prior (see:
https://github.com/stan-dev/stan/wiki/Prior-Choice-
Recommendations).

Themodels were able to adequately capture the patterns in the data, as
indicated by posterior predictive checks59. The approximated out-of-sample
predictive performance of the reported statistical models varied from. 7 to.
87 (see Supplementary Information for more details on the evaluation of
statistical models).

Predicted outcome values and pairwise comparisons. The posterior
predicted outcome values presented in Figs. 3–6 were calculated
using the conditional_effects function from the brms package used to
estimate the models56. The predictions for a given predictor from a
regression with multiple predictors were derived by setting all other
predictor values to zero. Because all our models contained categorical
predictors coded with sum-to-zero contrasts, these predictions are
equivalent to taking the posterior of the global intercept from the
model and adding it to the posteriors of the regression weights of a
predictor of interest and passing the resulting values through the
relevant link function (e.g., the inverse-logit function in the case of
logistic regression).

To compute evidence for a difference between any two levels of a
categorical predictor (reversed blue triangles in Figs. 4–6), we also drew on
the posterior distributions of the regression weights. For a predictor with
only two levels (e.g., attentional probability neglect: yes vs. no), we inferred
that thedataprovided evidence for a difference in the outcomevariable if the
95% HDI of the posterior distribution of the regression weight
excluded zero.

For categorical predictors withmore than two levels, the procedure for
pairwise comparisons was more complex due to the sum-to-zero contrast
factor coding used to estimate the models. First, for each factor level (e.g.,
vaccination attitude groups), the posterior predicted outcome value on the
scale of the linear predictorwas computed using the respective factor coding
scheme and regression weights. Second, these posterior predicted outcome
valueswere subtracted fromeachother toderive theposteriordistributionof
the outcome difference between any two levels of a factor of interest (e.g.,
anti-vaccination and neutral attitudes). Again, we inferred that the data
provided evidence for a difference in the outcome variable between the two
levels of a factor if the95%HDIof theposteriordistributionof the regression
weight excluded zero.

Computational modeling
The model was written in the Stan programming language for statistical
computing60. The posterior distribution of the model parameters was esti-
mated using the rstan package61 called from R57. The sampling procedure
from the posterior distribution was based on four chains, each consisting of
2000 warm-up and 3000 subsequent samples. Every other sample was
recorded, providing 6000 recorded samples in total. The sampling proce-
dure resulted in autocorrelation-free andwell-mixed chains, as indicated by
R̂ values lower than 1.01.

The leave-one-out balanced predictive accuracy for the models
reported in the main text was 0.81, 0.74, and 0.76 for the anti-vaccination,
neutral, and pro-vaccination groups, respectively. The Supplementary
Information provides additional analyses ofmodel performance evaluation,
including a comparison of the performance of alternative, simpler models.

Formal model specification. The probability of individual i accepting
the vaccine v, denoted by P(accept), was given by

Pð accept Þ ¼ 1
1þ exp�ðβi þ

P
jXvβj þ φVi;vÞ

: ð2Þ

The βi parameter represents an individual-level decision bias: It indicates to
what extent the participant i tends to accept or refuse a vaccine irrespective of
the vaccine properties and evidence. The termXvβj consists of a 3 × 4matrix of
sum-to-zero contrasts Xv and corresponding βj parameters. The first two
columnsofXv code the country of origin (United States,China, other); thenext
two columns code the vaccine technology (mRNA, vector, other). The term
ϕVi,v is the participant’s i subjective value of vaccine v determined based on
prospect theory32.TheVi,vcomponentconsistsof thevalue functionv(a),which
takes participant i’s affect ratings for side effects ai,se and benefits ai,b as inputs,
and of a probability weighting function w(p), which takes the probabilities of
side effects pse and benefits pb as inputs (with the latter technically being the
effectiveness of the vaccine, see Supplementary Information):

Vi;v ¼
X

se

vðai;seÞwðpseÞ þ
X

b

vðai;bÞwðpbÞ: ð3Þ

The value function v(a) has three cases, depending on whether the
affect rating pertains to a side effect (ai,se), a benefit (ai,b), or an outcome
ignored in the information inspection pre-decision phase:

vðaÞ ¼
�λijajα; for a ¼ ai;se

ð1� λiÞaα; for a ¼ ai;b
0; for ignored outcomes ;

8
><

>:
ð4Þ

where the λi ∈ [0, 1] parameter is a measure of loss aversion estimated
separately for each participant i. With λi = 0.5, both side effects and benefits
are weighted equally, while values of λi > 0.5 indicate an overweighting of
side effects relative to benefits—which can be interpreted as loss aversion.
Note that in most applications to monetary lotteries, the loss aversion
parameter Λ is used as a multiplier of the negative consequences and esti-
mated on the scale of positive real numbers. Our approach is algebraically
equivalent since Λ = λi/(1 − λi), but resulted in better model convergence.

The α > 0 parameter allows for a nonlinear transformation of the affect
ratings. This may be necessary because the affect ratings were measured
using an ordinal Likert scale (see Fig. 2b), and the assumption of equal
distances between the scale levels may not hold here (but the model allows
for a linearmappingwithα=1).Note thatwhen theαparameter is large, for
example, when α = 3, the value of an extreme affect coded as a = 5 would be
v(5) = λ × 125. Such large values would have a dominating effect within the
logit function in Equation (2). For this reason, the Vi,v component is scaled
with the φ ∈ [0, 1] parameter—allowing any level of nonlinearity in the
affect ratings scale but ensuring that the final value of the φVi,v term is as
large as supported by the data.

The functionw(p) in Equation (2) transformed the probabilities of side
effects and benefits into decision weights and had two cases, depending on
whether the probabilitywas inspected or neglected (i.e., deliberately ignored):

wðpÞ ¼ expð�ð� ln pÞγi Þ if p was inspected

0:5 if p was neglected :

�

ð5Þ

The first case in Equation (5) is an inverse S-shaped probability weighting
function62 that transforms objective probabilities into subjective decision
weights. The free parameter γi ∈ [0, 1] governs the curvature of the
probability weighting function and is interpreted as probability sensitivity,
with higher values indicating higher sensitivity. When γi = 0, the function
becomes a horizontal linewith all decisionweightsw(p) = 0.37.When γi=1,
the function indicates perfect probability sensitivity, that is, w(p) = p. The
second case of Equation (5) applies in situations in which an outcome was
inspectedbut its correspondingprobabilitywasnot; in themainanalyses, for
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these instances of probability neglect, we set w(p) = 0.5, which means that
the decision-maker acknowledges the probabilistic nature of the inspected
outcome. See the Supplementary Information for an extendeddiscussion on
the assumptions underlying the estimation of the weighting function,
including the value of the neglected probability and interpretation of the
vaccine effectiveness.

In sum, three parameters of themodelwere estimatedon the individual
level (i.e., for each participant): decision bias βi, loss aversion λi, and prob-
ability sensitivity γi. The parameters α and φ were only estimated on the
group level because there were only eight data points (i.e., decisions) per
participant, and we had no theoretical interest in estimating these para-
meters on the individual level.

Stan implementation and prior distributions. The individual-level
parameters were modeled as a sum of a corresponding group-level
parameter and individual-level displacements ζi:

βi ¼ βþ ζβi

λi ¼ ΦðλΦ þ ζλi Þ
γi ¼ ΦðγΦ þ ζγi Þ;

ð6Þ

where the function Φ() is an approximation to the cumulative normal
distribution function implemented in Stan and ensures that the resulting
individual-level parameters are always in the required 0–1 range. The
individual displacements are assumed to follow a multivariate normal
distribution with mean μ = [0, 0, 0] and variance–covariance matrix Σ, also
estimated from the data.

In terms of priors, we used standard normal distribution for the
individual- and group-level decision biases βi and β, respectively, and also
for the vaccine effects coefficients βv, thus assuming that the biases to accept
or refuse a vaccine are equally likely.

We could also use the standardnormal distribution as thepriors for the
group-level parameters on the probit scale: λΦ, γΦ, and φΦ, which after
transformation to the scale of actual parameter values via probit function
Φ−1() resulted in uniform priors on the 0–1 range—in line with the theo-
retical bounds of the parameters:

φ ¼ Φ�1ðφΦÞ
λ ¼ Φ�1ðλΦÞ
γ ¼ Φ�1ðγΦÞ:

ð7Þ

The α parameter was also modeled on the scale of real values and
received a normal prior with amean of zero and a standard deviation of 0.5.
The parameter was then transformed via the exponential function to the
scale of positive reals, resulting in a prior with a mode of one (i.e., linear
usage of the Likert scale) and assuming that the plausible parameter values
are in the 0–4 range.

Finally, to model the multivariate distribution of the individual dis-
placements ζi, we used weakly informative Lewandowski-Kurowicka-Joe
(LKJ) prior with parameter η = 5 for the correlationmatrix, which assumed
that themost probable correlations between the individual parameters were
in the range from −0.5 to 0.5. The prior for the standard deviation of the
individual displacements ζβi was the gamma distribution with shape and
rates equal to 2 and 1, respectively, thus ensuring that the parameter is
positive and likely in the 0–3 range. The priors for the standard deviations of
the individual displacements ζλi and ζγi were normal distributions with a
mean of 0.5 and standard deviation of 0.13, ensuring that the resulting
standard deviation is within 0–1 range. This condition was necessary to
avoid bimodal individual-level posterior distributions of the λi and γi
parameters after the Φ() transformation in Equation (6).

Preregistration
The study design, including sample size and the number of vaccination
decisions, was preregistered on April 19, 2022: https://aspredicted.org/

66W_95Q. Four research questions were formulated, all relating to
probability neglect. Specifically, we were interested in (1) whether people
exhibit probability neglect in vaccination decisions, (2) whether prob-
ability neglect rates are associated with vaccination attitudes, (3) how
probability neglect is associated with vaccination decisions; (4) to what
extent probability neglect applies to side effects and benefits. All these
research questions are addressed in the main text in the section “How
was probability ignorance related to vaccine refusal?” using analytical
methods specified in the preregistration. In the preregistration, we also
considered weaker definitions of probability neglect (e.g., a lower number
of acquisitions of probability information than of the corresponding
outcome) than the one used in the paper. However, we decided to use the
stricter definition of probability neglect here: acquisition of outcome but
not probability information.

At the end of the preregistration, in the section titled Other, we also
mentioned our plan to analyze the data using computational modeling and
noted that to this end, we would collect affect ratings for side effects and
benefits to use as numerical inputs in the models. Our modeling approach
followed current best practices (see “Methods: Computational modeling”)
and was based on prospect theory—a model previously used to analyze
medical choices25–29,63. The model we developed deviated from the standard
applications to simple monetary lotteries because vaccination decisions are
more complex. Our model was developed to accurately capture patterns in
the data and account for various factors driving vaccination decisions (see
Supplementary Information).

Data availability
All study data are available on the first author’s public GitHub repository:
https://github.com/kfulawka/vax_info_neglect.

Code availability
The codeneeded to reproduce the analyses reported in the article is available
on thefirst author’s publicGitHubrepository: https://github.com/kfulawka/
vax_info_neglect.
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