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ARTICLE INFO ABSTRACT

Handling Editor: Ricardo A. Daziano In this study, we employ a choice experiment to study individual preferences for COVID-19 vaccines in the US. A
unique characteristic of the microdata (N = 5671) is that the survey was conducted in five distinct waves from
JEL classification: October 2020 to October 2021. Because of this dynamic feature, it is possible to control for evolving pandemic

C35 conditions such as the number of COVID-19 active cases, vaccination uptake, and the frequency of Google

D12 searches related to the vaccines. Furthermore, we employ a hybrid choice model to incorporate respondents’

Dol . . . s . . : .

2 attitudes related to their perceived vulnerability to diseases, as well as their perceived health status. The hybrid

X s choice model was extended to incorporate latent classes as well as random effects. We find that the rate of
eywords:

vaccinated individuals in the population actually increases the probability of vaccine hesitancy, and therefore
may discourage people to get vaccinated. This may be evidence of free-riding behavior. On the other hand, the
number of COVID-19 cases has a positive effect on the probability of getting vaccinated, suggesting that in-
dividuals react to the pandemic conditions by taking some protective measures. Google trend data do not seem to
have a straightforward effect on the vaccination demand, but it increases consumers’ willingness to pay for
several vaccine characteristics. With respect to the analyzed attitudes, we find that perceived uninfectability is a
significant driver of vaccine hesitancy, probably related to the frequent “natural immunity” argument. In turn,
germ aversion has a positive effect on the probability of getting vaccinated as well as on the marginal willingness
to pay. Finally, health status has a limited effect on whether the individual will decide to vaccinate or not.

COVID-19 vaccine
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herd immunity threshold, the effort put into the rapid development of
vaccines may not be sufficient to stop the pandemic (Chevallier et al.,

1. Introduction

COVID-19 constitutes one of the biggest challenges that the world
had to face in modern times. In the US alone, by May of 2022, deaths
attributed to the disease surpassed 1 million. From the start, preventive
measures such as social distancing, wearing masks, and frequent hand-
washing were advised by health professionals and governments to limit
the spread of the virus. Nonetheless, these measures were perceived as
temporary, with the hope of the pandemic ending once a vaccine be-
comes available. An unprecedented global effort led to the quick
development and deployment of vaccines, with the first vaccines being
distributed in the US in December 2020 - just eleven months after SARS-
CoV-2 - the virus that causes COVID-19 — was officially identified (Forni
and Mantovani, 2021). At the same time, the topic of vaccination has
become very polarizing for the public, with a steady, or even increasing
share of vaccine-hesitant and anti-vaccine individuals (Johnson et al.,
2020; Pullan and Dey, 2021). It has been noted that without reaching the
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2021). It is therefore important to understand individuals’ choices
regarding vaccination from the social and behavioral perspective (Looi,
2022), especially to identify lessons for future waves with potential new
variants or for future pandemics.

In this study, we employ the choice experiment (CE) method to study
individuals’ preferences for hypothetical COVID-19 vaccine in the US,
throughout the pandemic. Using CEs allows us to analyze trade-offs that
respondents make between different attributes of the vaccine, as well as
assess the effect of other variables, such as attitudes, pandemic condi-
tions, and health status on individuals’ choices. From the start of the
pandemic, researchers have been using CEs to identify attributes of the
vaccine that may be important to the public and investigate how these
attributes affect vaccine uptake (e.g., Borriello et al., 2021). Such studies
have been conducted all around the world, including China, France,
India, Malaysia, the Netherlands, the US, and the UK (just to give a few
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examples, see Dong et al., 2020; McPhedran and Toombs, 2021; Motta,
2021; Schwarzinger et al., 2021; Bansal et al., 2022; Mouter et al., 2022;
Teh et al., 2022). For the review of recent studies consider Amani et al.
(2022). The most common attributes considered are efficiency of the
vaccine, risk of side-effects, and out-of-pocket cost. Other attributes
considered include the number of doses (e.g., Chu and Liu, 2021),
country of origin (e.g., Kreps and Kriner, 2021), whether the vaccine is
recommended/approved by certain institutions (e.g., McPhedran and
Toombs, 2021), place in which the vaccination will be administered (e.
g., Schwarzinger et al., 2021), type of the vaccine (Borriello et al., 2021;
Motta, 2021; Teh et al., 2022), duration of protection (e.g., Bansal et al.,
2022), and share of friends/family that got vaccinated (Leng et al., 2021;
Bansal et al., 2022). Nonetheless, most of these studies focus on iden-
tifying the effect of attributes of the CE and only consider basic
socio-demographic variables which can be related to vaccine hesitancy
(such as age, gender, ethnicity) as potential drivers of observed prefer-
ence heterogeneity. Our study contrasts with this parallel research ef-
forts by considering attributes that coincide with those of contemporary
CEs, but also controlling for a wide variety of additional covariates that
provide us with greater insight regarding factors that may affect in-
dividuals’ vaccination choices. Specifically, we consider three types of
factors: (i) pandemic conditions, (ii) perceived vulnerability to diseases,
and (iii) health status.

Another unique feature of our study is that data collection did not
focus only on the early stages of the pandemic. Some of the previous
research shows that the preferences for vaccination may change over
time. For example, Daly and Robinson (2021) identify decreasing
vaccination intention in the US, whereas Sanders et al. (2021) find an
opposite trend in the Netherlands. At the same time, Chambon et al.
(2022) and Raciborski et al. (2021) conclude that such preferences may
be difficult to change, and are rather stable over time (in the Netherlands
and Poland, respectively). To account for this temporal dimension, our
study was effectively conducted in five waves, with the first wave
starting in October 2020, and the last wave ending in October 2021.
Because of the dynamic nature of data collection, we can control for (i)
pandemic conditions, by looking at the number of COVID-19 active
cases during the week a respondent took the survey, the share of the
vaccinated population, and the number of Google searches related to the
vaccine in that given week. The longer timespan of the survey provides
us with greater insight regarding changes in preferences depending on
the evolving pandemic conditions, which is not possible to identify in
other research efforts in which the CE survey was usually conducted
within a single month.

The private benefits of taking a vaccine for COVID-19 depend on how
vulnerable to a disease one considers oneself to be. As such, vulnera-
bility is an important factor to control when analyzing individuals’
preferences. We account for this factor by incorporating (ii) perceived
vulnerability into our model by employing the Perceived Vulnerability
to Disease Questionnaire (PVDQ, Diaz et al., 2016). To the best of our
knowledge, this is the first empirical application that uses this scale in a
stated preference setting and links it with individuals’ preferences for
vaccines. As the scale is not necessarily COVID-oriented, the results can
be considered more general. Extant research regarding COVID-19
vaccination is not really concerned with the effect of attitudes. The
only exceptions are Leng et al. (2021), who control for the perceived risk
of infection with COVID-19, and Schwarzinger et al. (2021), who control
for the perceived severity of COVID-19 if infected. To jointly model
responses to the PVDQ scale and to the CE, we specified and derived
parameter estimates of a state-of-the-art hybrid choice model (HCM,
Ben-Akiva et al., 2002). This integrated choice and latent variable
framework allows us to incorporate the PVDQ scale into the choice
model in the form of latent factors while controlling at the same time for
measurement error that is likely to arise (Budzinski and Czajkowski,
2022). To assure high quality of our estimates, we combine a latent class
specification with random effects in the choice component of the HCM.

Lastly, health status is an important risk factor that can affect the
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severity of COVID-19 once infected. We control for (iii) health status by
considering several perceptions of the respondent’s own health and then
treating health status as an additional latent factor. In previous research,
only Schwarzinger et al. (2021) and Teh et al. (2022) control for any
health conditions, but their findings are mixed.

Overall, our study contributes to the literature on individual pref-
erences for vaccination in many directions. The long period over which
the study was conducted allows us to get a better insight into in-
dividuals’ behavior. Specifically, we focus on different aspects of the
pandemic such as vaccination rate and the number of COVID-19 active
cases, to assess how they affect individuals’ vaccination uptake, and
their preferences for a variety of vaccine attributes. Furthermore, we
incorporate individuals’ attitudes to link vaccine preferences with
health-related scales that have never been employed in stated preference
research. As estimation strategy, we achieve this integration by coding a
novel hybrid choice model specification with a latent class logit kernel
for the identification of discrete preference clusters and a continuous
random effect to account for unobserved heterogeneity from repeated
responses by the same individual. Our results provide relevant insights
for research and development of future vaccines and for policymakers
who need to identify the correct incentives for individuals to vaccinate.
Even though the pandemic may be over soon (e.g. due to the develop-
ment of a pan-vaccine (Looi, 2022) or herd immunity built by the Om-
icron variant (Das et al., 2022)), seasonal COVID-19 vaccination may
become necessary in a similar way as flu-vaccination campaigns.
Furthermore, the results are also relevant for future pandemics that may
arise (Halabowski and Rzymski, 2021).

The rest of the paper is structured as follows. In Section 2 we briefly
discussed the methods used in this study. Specifically, we describe the
survey data and the econometric model. In Section 3, we present the
results of the analysis of the data. In Section 4 we discuss the limitations
of the current study. The last section provides a discussion of the results
and their implication for public policy.

2. Methods

In this section, we describe in detail the methods used in the current
study. In Section 2.1 we provide general information regarding the
survey. We then describe the CE data on which we base our analysis. In
Section 2.3 we briefly describe the covariates related to evolving
pandemic conditions. Finally, Section 2.4 provides a description of the
adopted econometric model.

2.1. Survey data

The data that we use come from an online survey conducted in the
five distinct waves across the United States. The objective of the survey
was to investigate public opinion regarding several COVID-related
topics. Specifically, how COVID-19 affected individuals’ daily lives,
their preferences, and attitudes toward hypothetical vaccines, as well as
preferences regarding COVID-19 tests. The survey consisted of seven
blocks, with a median time of 20.7 min to complete it. The first block
involved general questions related to COVID-19 and vaccination. It was
followed by the CE used in this survey, which is described in more detail
in Section 2.2. Then respondents were asked about their health. This
block included the PVDQ scale that we utilize to identify latent factors
(consult Table 3 below). The fourth block consisted of a second CE
regarding COVID-19 tests, which we do not analyze in the current study.
Then respondents were asked about the effect of COVID-19 on their
daily commute. The sixth block consisted of questions regarding the
impact of COVID-19 on other aspects of daily life. Finally, the last block
included standard socio-demographic questions.

The sample was based on a Qualtrics panel aimed at being repre-
sentative of adults in the USA in age, gender, and income. In Table 1 we
present a summary of control variables that we use in the econometric
model. When compared to the general population of the US, our sample
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Table 1
Summary of socio-demographic and worldview-related variables.

Median (or share)

Sample Population

Age 42.000%** 49>
Age over 65 (share) 0.18 0.2122
Males (share) 0.475%** 0.492
No. of children in the household 1.722
No. of elderly in the household 1.526
Has at least a bachelor degree (share) 0.596%*** 0.321
Race: black (share) 0.158%** 0.134
Race: other non-white (share) 0.095%** 0.074
Household income (in thousands of $ per year) 67.500%** 62.843
Employed (share) 0.573
Has driving licence (share) 0.891

Worldview-related variables
Republican (share) 0.280
Religion is fairly important (or more; share) 0.645
Conservative (somewhat or more; share) 0.349

Note: *** represent significant difference between sample and the population
statistic.

is slightly older, better educated, and has a higher income, which is
expected for a survey conducted online (Adriaan and Jacco, 2009;
Szolnoki and Hoffmann, 2013). At the same time, we observe a slightly
higher share of female and black respondents. As vaccine hesitancy is
often associated with a political worldview (Fridman et al., 2021), we
also control for self-reported measures of political ideology. We find that
28% of our sample identifies as republicans, 65% consider religion to be
fairly important, and 35% identify with a conservative worldview. '

Detailed information regarding race, education and worldview var-
iables are available in Table Al in the Appendix.

The survey was conducted in five waves, with the first wave starting
in October 2020, and the last one ending in October 2021. The sample
size for a given wave varied from 400 to 1500 respondents. In total, the
survey was completed by 5671 respondents. Dates and sample sizes
were mostly a function of availability of funds from the agency spon-
soring this research. That being said, wave 4 coincides with when it was
clear that some vaccines would require two doses, and wave 5 was
launched when the need for boosters was evident. In Table 2 we present
the shares of individuals who are planning to get vaccinated, compared
across different waves, as well as the share of the individuals who
already got vaccinated. As can be seen, the portion of individuals who
are planning to get vaccinated is increasing over time, which may sug-
gest a decreasing vaccine hesitancy as the pandemic was progressing. At

1 The importance of religion was measured on 5 point Likert ranging from
“not at all important” to “extremely important”. It was transformed to binary
variable equal to 1 if respondent marked 3 or more. The conservative world-
view was also measured on 5 point Likert scale ranging from “very conserva-
tive” to “very liberal”. It was transformed to binary variable equal to 1 if
respondent marked 2 or less.

2 Population age-related variables were rescaled, so that they would repre-
sent population older than 18, as this correspond to our sample data.

3 In the first three waves this question was framed as “Are you getting a
COVID-19 shot within the first 3 months of a vaccine being introduced?” It was
recoded to the binary variable equal to 1 if the respondent answered “Yes” or
“Probably yes”. In the fourth wave the wording of the question was changed
from “being introduced” to “being available to you”. In the fifth wave the
question was dropped. In the data analysis, we assume that it is equal to 1 in the
fifth wave if the respondents reported that he has already been vaccinated or is
planning to. Analogous reasoning was applied to the next variable, regarding
vaccination within 12 months period.

4 These indicators were dropped when estimating HCM as the respective
latent variables had the lowest effect on them. These effects were still signifi-
cant, but the covariates were dropped to speed up the estimation. Dropping
them did not significantly affect how latent factors were affecting preferences in
the CE.
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the same time, the share of individuals who would get vaccinated in the
first year of the vaccine being available is larger than the share of those
who would get vaccinated in the first 3 months. This suggests that at
least some individuals would prefer to delay their vaccination, probably
to see first whether others experience side effects or complications
(Mouter et al., 2022). It is important to mention that during the first 3
waves, vaccines were not available yet to the American population. As
waves 4 and 5 were conducted when the vaccine was already available,
we also asked respondents whether they had been vaccinated. The
shares in our sample are slightly larger than those reported for the
general US population in the same time period. In wave 4, 26.5% of
respondents reported being vaccinated, whereas in the fifth wave the
corresponding number was 75.4%. In comparison, in the general pop-
ulation, 19.7% and 64% of individuals were vaccinated at the time,
respectively. We also inquired whether respondents are planning to get a
flu shot and whether they would volunteer for clinical trials for the
vaccine. The former may control for some spillover effects between the
two diseases, whereas the latter may help to identify respondents with a
high level of trust in the vaccine development process.

In Table 3 we provide information regarding indicator variables that
we use to identify latent factors. The upper part of the table contains
questions from the PVDQ scale, which were divided into two latent
factors: Germs aversion and Perceived (un)infectability, based on Diaz
et al. (2016). One question was edited to refer to “public bathrooms”
instead of “public telephones” as the latter is not common in the US
anymore. The third latent factor is the respondent’s health status. We
use two questions related to the perception of their own health before
and during the pandemic, as well as a third question regarding whether
they have any underlying disease that would put them at a higher risk. In
the third question, respondents could opt out by saying that they “don’t
know” or “prefer not to tell”. As such, the variable had four levels that
were not ordered. To account for the nature of this variable, in the model
we recoded this covariate as two binary variables. The first variable
indicates whether the respondent opted out from the question or not,
and the second indicates whether the respondent reported having an
underlying disease or not (conditional on not opting out).

The factors utilized in the current study could be interpreted in a
light of the Health Belief Model (Rosenstock, 1974; Janz and Becker,
1984), which was proposed to explain a preventive health behavior,
such as vaccination. The basic formulation of the model identifies four
dimensions of the health-relevant beliefs, namely: perceived suscepti-
bility, perceived severity, perceived benefits, and perceived barriers.
The perceived infectability factor is a measure of the susceptibility to
infectious diseases, and therefore it should increase the probability of
getting vaccinated. The poor health status can be associated with the
perceived severity as individuals in poor health are more likely to
experience severe COVID-19 symptoms. As such, it should also increase
individuals’ likelihood of vaccination. Finally, germs aversion measures
individuals’ discomfort in situations associated with a high potential for
pathogen transmission (Duncan et al., 2009). As such, individuals with a
higher level of germ aversion may have an increased discomfort caused
by the pandemic, for example, increased level of anxiety and increased
perception of the importance of social distancing measures (Makhanova
and Shepherd, 2020). Because of that, we argue that such individuals
may perceive vaccination as more beneficial than individuals with lower
germs aversion level.

2.2. Choice experiment

The choice experiment elicited respondents’ preferences for COVID-
19 vaccines. Each choice situation consisted of two alternatives, each of
them representing a different vaccine option. In Fig. 1 we provide an
example of a choice card from the survey. Note that the given alternative
does not necessarily refer to a single shot, as some vaccines require more
than one dose to obtain full protection. Respondents also had an op-
portunity to opt out from the choice altogether in case they were not
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Table 2
Comparison of vaccination-related plans between different waves of the study.
Wave 1: Wave 2: Wave 3: Wave 4: Wave 5:
10.22.20-11.13.20 11.19.20-11.24.20 12.19.20-12.22.20 03.04.21-03.10.20 09.27.21-10.04.20
Plans to get vaccinated in the first 3 0.368 0.404 0.568 0.724 0.845
months of the vaccine being available®
Plans to get vaccinated in the first year of  0.448 0.520 0.705 0.782 0.845
the vaccine being available
Vaccinated with at least 1 dose 0.000 0.000 0.000 0.265 0.754
Plans to get a flu shot 0.616 0.608 0.705 0.700 0.674
Would volunteer for a clinical trial for 0.315 0.360 0.454 0.424 0.403
COVID vaccine
Sample size 1260 1049 414 1421 1527

satisfied with any of the available vaccines. The choice to opt out was
presented concurrently with the two hypothetical vaccines, at the bot-
tom of every choice card. Every respondent completed 7 choice cards.
Details of design of the experiment are reported in Daziano (2022),
where data from the first two waves were used.

Hypothetical vaccines differed in terms of several attributes which
are listed in Table 4. As the survey was conducted in several waves, the
design of CE was slightly modified over time to better represent attri-
butes of available vaccines. For example, and as mentioned above, wave
4 was launched when it was clear that some vaccines would need 2 doses
(which made us introduce number of doses and time between doses as
experimental attributes), and wave 5 was launched when the need for
boosters was made evident (which made us introduce the availability of
boosters as an additional attribute). In fact, roll out of the first wave
started before any announcement of actual vaccines and their clinical
studies. In line with most concurrent CE vaccination studies, we control
for cost,” efficiency, and risk of side effects. These vaccine features were
set at levels similar to those against the seasonal flu, findings from the
literature review, and outcomes from an online focus group. Apart from
these common vaccine features, we included in the design the number of
months of protection (Bansal et al., 2022), number of doses (Chu and
Liu, 2021), country of origin (Kreps and Kriner, 2021), and recom-
mending institution (McPhedran and Toombs, 2021). Levels for some of
these features, such as months of protection, were not known for
COVID-19 vaccines when data collection started and in fact changed
over time. We also included the number of months since the develop-
ment of the given vaccine to investigate whether rapid development of
the vaccines could be a factor increasing vaccine hesitancy. Further-
more, we included the number of days between doses to see whether
that waiting time matters to individuals for the vaccines that require
more than one dose. Especially in the US, there is a significant difference
between the number of individuals who were vaccinated with only one
dose, vs. those who were vaccinated with both. Finally, and as
mentioned earlier in the later waves of the study, we also added booster
availability, as it became clear that one-time vaccination would not be
sufficient. With the addition of experimental attributes (number of
doses, booster availability), some features were dropped due to
decreasing relevance. For example, whereas number of months since
development was a feature that individuals in our focus group were
concerned about at the early stages of vaccination, when it was clear
that vaccines were safe that worry decreased. The initial design (waves
1-3) followed a Bayesian efficient design with two-way interactions,
with priors set from an online focus group (N = 20) and an online pretest
(N = 150). Later experimental designs also optimized Bayesian

5 Although the vaccine has been made available for free, the introduction of
cost allows researchers to derive welfare measures that are not subject to scale
issues. Whereas marginal utilities across studies (or waves, or designs within
the same study) cannot be compared as are subject to potentially different scale
(which is associated with the variance of unobserved effects), the analysis of
scale-free estimates, such as willingness to pay, allows researchers to compare
results across waves.

D-efficiency with updated priors from previous waves. A total of 24
choice scenarios were generated in the designs, with each respondent
being randomly assigned to a subset of 7 choice cards. All choice cards
presented informative trade-offs across the attributes, meaning that the
design did not include any dominating alternative. To ensure good
quality of the responses, individuals who completed the choice experi-
ments in less than half the median time were replaced and so did those
who always answered the same alternative for all 7 choice occasions.
The number of respondents that needed to be replaced was very small
(in the tens for each wave). Ordering of attributes was not randomized,
but the order of the alternatives was.

2.3. Pandemic conditions

As the choice experiment was conducted in different moments of
time throughout the pandemic, this dynamic feature of data collection
allows us to control for how the pandemic evolved over time. Specif-
ically, we incorporate into the HCM three covariates that are plotted in
Fig. 2. The first dynamic variable is the number of COVID-19 active
cases, which has been the main indicator of development of the
pandemic that was reported in the media.® A higher number of cases not
only increases the probability of getting infected, but also may render
more difficult to obtain medical help due to the overload of the
healthcare system. Previous research shows that the number of COVID-
19 cases is directly related to the fear of the disease (Raciborski et al.,
2021). In Fig. 2 we observe that the peak of the number of cases was
during the first three waves of the current study, then it heavily
decreased for the fourth wave, and then it heightened again during the
fifth wave, although to a lesser extent than before.

The next two variables that we employ relate directly to vaccination.
First, we use the number of individuals who have completed the vacci-
nation cycle.” This is of course equal to zero through the first three
waves of our study, but then it starts increasing once vaccines became
available. Investigating the effect of this covariate on vaccination pref-
erences may reveal how individuals® behavior is affected by the pref-
erences of other members of society. A positive effect may indicate that
herding or social norms act as drivers of behavior, whereas a negative
effect may suggest some free-riding behavior (Agranov et al., 2021). As

® We use a 7-day moving average data from https://covid.cdc.gov/covid-dat
a-tracker. In the model we incorporated the number of cases in the given state
that respondent lives in, but for brevity we report the number of cases for the
whole US in Fig. 2. We also checked whether the number of cases relative to the
population of a given state may work better, but we did not observe any
qualitative differences in the model results.

7 We obtain data from https://data.cdc.gov/Vaccinations/COVID-19-Vaccina
tion-Trends-in-the-United-States-N/rh2h-3yt2. Completed cycle refers to in-
dividuals vaccinated with two doses of the vaccines that require two doses, or a
single dose of those which require only one dose. We also compared the results
with using only first dose data, but it did not change our results qualitatively.


https://covid.cdc.gov/covid-data-tracker
https://covid.cdc.gov/covid-data-tracker
https://data.cdc.gov/Vaccinations/COVID-19-Vaccination-Trends-in-the-United-States-N/rh2h-3yt2
https://data.cdc.gov/Vaccinations/COVID-19-Vaccination-Trends-in-the-United-States-N/rh2h-3yt2
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Table 3

Summary of the indicator variables which were used to identify latent factors in

the HCM.

Germs aversion

Perceived (un)infectability

It really bothers
me when people
sneeze without
covering their
mouths

I am comfortable
sharing a water
bottle with a
friend.

1 don’t like to
write with a
pencil someone
else has
obviously
chewed on

1 prefer to wash
my hands pretty
soon after
shaking
someone’s hand

I dislike wearing
used clothes
because you
don’t know
what the last
person who
wore them was
like’

My hands do not
feel dirty after
touching money

It does not make
me anxious to
be around sick
people

I avoid using
public
bathrooms
because of the
risk that I may
catch something
from the
previous user®

How would you
describe your
current health
status?

How would you
describe your
health status in
2019?

Measured on 7-
point Likert
scale, from
“Strongly agree”
to “Strongly
disagree”

If an illness is going
around, I will get it.

My past
experiences make
me believe I am not
likely to get sick
even when my
friends are sick®

I have a history of
susceptibility to
infectious diseases

In general, I am
very susceptible to
colds, flu, and
other infectious
diseases

I am more likely
than the people
around me to catch
an infectious
disease

I am unlikely to
catch a cold, flu, or
other illness, even
if it is going around
3

My immune system
protects me from
most illnesses that
other people get®

Poor health status

Measured on 5-
point scale from
“Excellent” to
“Very poor”

Did the respondent
answer: “Do you
have an underlying
health condition
that puts you more
at risk if
contracting COVID-
19?7

Do you have an
underlying health
condition that puts
you more at risk if
contracting COVID-
19?

Measured on 7-
point Likert scale,
from “Strongly
agree” to
“Strongly
disagree”

Equal to 1 if
answered, equal
to 0 if respondents
marked instead “I
don’t know” or
“Prefer not to tell”

Equal to 1 if “yes”,
equal to 0 if “not”,
treated as missing
if the respondent
did not want to
answer

last dynamic variable, we utilize Google trend data related to weekly
Google searches for the word “vaccine” in the US.® The variable is
measured in relative terms to the peak frequency of Google searches in a

8 Data were obtained from https://trends.google.com/. We also tried data for
different phrases such as “COVID vaccine”, “Vaccine side effects”, and “Pfizer”.
We did not find much difference in the results of the model, as all variables
were highly correlated.
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given period (in our case the last week of march, 2021). The Google
trend data measures the population’s interest in the given topic and
could be an indicator of demand (Chang and Yin, 2021). This variable
has shown to be a useful tool in the epidemiological context (Anggraeni
and Aristiani, 2016).

2.4. Hybrid choice model

To combine choice experiment data with attitudinal questions from
the survey we use the hybrid choice modeling framework (Ben-Akiva
et al, 2002). Hybrid choice models utilize a structural modeling
approach to link latent factors with observed or stated indicator vari-
ables as well as individuals’ choices. The model used in this study
consists of three components: (i) a random-utility-maximization-based
choice model, (ii) structural equations, and (iii) measurement equa-
tions. We next describe each component in detail.

We employ a latent class logit specification for the choice model to
account for discrete unobserved preference heterogeneity. The latent
class logit model has the advantage of grouping the population ac-
cording to their preferences into several discrete segments, which can be
useful to inform and guide policy development (Borriello et al., 2021).
Instead of assigning individuals deterministically to a given segment, a
latent class choice model treats preference heterogeneity as an unob-
served categorical variable. To derive further insight into these seg-
ments, one can link the probability of belonging to a given class with
observed covariates as well as underlying attitudes.

Formally, we assume that the utility function of individual i, who
belongs to class c, for the j-th alternative in the t-th choice task is given
by

Us, = 8:ASCI"™"" + 5 (B Xy — Costy) + & 1

In this setting, ASC%’“"”t denotes an alternative specific constant for the
opt-out alternative, Costy; denotes an out-of-pocket cost of the vaccine,
and Xj; denotes a vector with all the other attributes utilized in the
choice experiment, as summarized in Table 4. As usual, ¢; denotes a
stochastic component, assumed to follow an i.i.d. type I extreme value
distribution with constant variance. For convenience we specify utility
in WTP-space (Train and Weeks, 2005). Working in WTP-space allows us
to easily interpret parameters §$ in monetary terms. To account for the
difference in error terms structure between the opt-out alternative and
the vaccines, we model 67 ~ N(p45¢, 0asc) as a random effect following a
normal distribution.

The probability of choosing alternative j, conditional on belonging to
class ¢ and random effect &f , is then given by the standard multinomial
logit formula
exp(SASCI" " + 5 (B X — Costy))

ijt

P()’n ]‘Cl 675[) Zl exp(&;‘ASCﬁIm*"u' +/j§-(mxm — COSt,-/,)) : 2
In formula (2), we use C; to denote an unobservable variable that in-
dicates to which class a given individual belongs. As this covariate is
latent, we need to specify its distribution. Specifically, we model it as a
discrete random variable with probability described by the following
multinomial logit formula

exp (X5 + o LV;)
>, exp(e X5 + oLV,

P(C;=c|LV,)= 3)

where X;P denotes a vector of observable covariates such as socio-
demographic characteristics of the respondents or evolving conditions
of the pandemic. On the other hand, LV; denotes a vector of unob-
servable latent factors. For identification, we assume that for the last
class, af and a are equal to 0. The specification in (3) allows us to find
the effect of analyzed variables on the probability of belonging to a given
segment.
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Fig. 1. Sample choice card.

Table 4
Choice experiment attributes and their levels.

Attribute levels

Out-of-pocket cost ($) 0, 50, 100, 175
% of protected vaccinated people 20, 40, 60, 80, 95
No. of months of protection 3,6,12
No. of days for antibodies to develop 7,14, 21
How many people develop mild side effects (out 1, 3,5

of 10)
How many people develop severe side effects 1, 10, 100

(out of 1 min.)
No. of doses™ 1,2

Whether booster is available® Yes, no

Country of origin USA, UK Germany*, China,
Russia®

Recommended by*** Doctor, media, CDC, WHO

No. of months since developed*** 3,6

No. of days between doses” 0, 14, 21

2 These attributes and levels were added after wave 3.
b This attribute was added after wave 4.
¢ these attributes and levels were dropped after wave 3.

The second component of the hybrid choice model consists of
structural equations in which latent factors are explained by the
observable variables. We assume that the k-th latent factor is a linear
function of the variables in the vector X{¥ and an unobservable sto-
chastic term, 7.

_ X+

5 4

LV

The error term #; is assumed to follow a standard normal distribu-
tion, whereas &y is a normalizing factor, which assures that the variance
of LV is equal to 1. This normalizing factor facilitates interpretation (e.
g., a researcher can easily compare coefficients for different latent

factors, as they have the same scale) and estimation (e.g., coefficients for
the latent factors do not change much upon adding variables to X5).
Covariates in vectors X{” and X5 can, and probably should, overlap
(Budzinski and Czajkowski, 2022).

The last component of the HCM consists of measurement equations
that link answers to attitudinal questions with latent factors. The specific
form of this part of the model depends on the distribution of the indi-
cator variables. In the current study, all indicator variables are cate-
gorical, and therefore an ordered probit specification was utilized.” We
denote individual i answer to the n-th item on the m-point scale by I''. We

then assume that there exists an unobserved variable, T? , such that

I =0,LV; +¢& (5)
and
r=1if T<@
=2 it o< <e
: (6)
=m-1 it 6,,<I <@,
I'=m if 0 _ <T

In (5), & is a measurement error following a standard normal distribu-
tion, and A, is a vector of parameters to be estimated, measuring how
strongly the latent variables affect the answer to the given indicator
question. #’s in (6) are the usual threshold parameters that translate the

values of the continuous variable, ﬁl, to the ordinal one. The probability

9 Some variables in Table 3 are actually binary, but it is a special case of the
ordered model.
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Fig. 2. Dynamic of the covariates describing the conditions of the pandemic.

of indicating in the survey that I =k, is then given by
P(I' =k,|LV;) =®(6; —A,LV,) — ®(6; _, —L,LV)) )

where ® is a cumulative distribution function of the normal distribution
(we assume 6] = —oo and 67, = o). Combining (2), (3) and (7) leads to
the likelihood function

N

= n=1

The likelihood function has a form of multidimensional integral, as
the measurement errors, 1);, as well as random parameters for the ASC,
§;, are unobserved and therefore need to be integrated out. f(n;) and
g(&f) are pdf functions of these stochastic components, which follow
normal distributions. As the integral above does not have an analytical
solution, we use a maximum simulated likelihood method to approxi-
mate it by using 2000 scrambled and shuffled Sobol draws (Czajkowski
and Budzinski, 2019).

3. Results

In this section, we present the results of the estimated hybrid choice
model. First, in subsection 3.1, we describe in detail the estimates of the
class-specific utility functions. Estimation of the model in WTP-space
allows us to conveniently interpret coefficients as marginal willingness
to pay (WTP). Next, we describe the effects of a variety of covariates on
the class membership probability, as described by equation (3). We
focus on variables related to pandemic conditions, plans regarding
vaccination, as well as socio-demographic covariates. Finally, results for
the latent factors are discussed in subsection 3.3.

3.1. Choice model

In Table 5 we report point estimates of the class-specific utility
functions as per equation (1). This model was estimated in WTP-space,

but for the sake of comparison we also report the preference-space
equivalent in Table A2 in the Appendix. We decided to use a latent
class logit model with four classes as it had the best fit to the data, based
on AIC and BIC.'® We also report the simulated average probability of
belonging to a given class as well as predicted vaccine uptakes in each
class. Class membership is distributed rather uniformly (on average),
with a mean probability ranging from 19% to 33%, and the second class

P(Ci=c[LV;,8)g(&) [[ P(vu|C:=c, ) | ][ P(I} = k|LV.)f (n;)dn,d3;.

being the one with the largest expected share.'' We note, however, that
depending on the respondent’s characteristics these probabilities vary
substantially, ranging from almost 0% to over 95% for each class. Next,
we present the predicted vaccination uptake for each class (probability
of choosing either one of the vaccines presented in the given choice
task). These were calculated for each individual and each choice task in
the sample, but we present the minimum, median, and maximum to
provide a summary of the distribution of the vaccination probability for
each class. Classes 2 and 4 are characterized by high vaccine uptake.
Especially for individuals in class 2, the probability of getting vaccinated
is always above 90%. In turn, Class 1 is characterized by the highest
variation in expected uptake, ranging from 15% to 96%, depending on
vaccine characteristics. Lastly, Class 3 has the lowest probability of
getting vaccinated, which never exceeds 35.3%. These probabilities are
directly associated with estimates of an alternative-specific constant
(ASC) for the opt-out alternative. Specifically, the estimate for class 3 is
the highest, and the estimate for class 2 is the lowest. We also note that

19 When compared with equivalent model with 2 or 3 classes. We couldn’t
obtain reliable estimates for the model with 5 classes, as some coefficients
would explode to very large values, indicating some issues with identification
or convergence. This could be caused by the very high number of coefficients
needed to be estimated. The model with 4 classes has 308 parameters, whereas
model with 5 classes would have 353 parameters.

11 We also report posterior class membership probabilities, that are condi-
tional on the sequence of choices that respondent made. Nonetheless, on
average they are very similar to the ones calculated based on equation.
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Table 5
Latent class model estimates.
Class 1
0.199
[0.007]
0.181
Min. 0.149
Median 0.616
Max. 0.956
Opt out ASC —0.047
[0.364]
Opt out ASC (std.dev.) 1.511
[0.086]
Out-of-pocket cost (in 10$) —0.076
[0.006]
% of protected vaccinated people (divided by 10) 33.757
[3.702]
= 1 if minimal protection satisfied 26.824
[13.273]
Number of months of protection 11.815
[1.424]
How many people develop mild side effects (1 in 10) —11.98
[2.918]
How many people develop severe side effects (1 in 1 mlIn) —0.887
[0.104]

Kk

Kk

Origin (WTP in $)

Country of origin: UK (base level: USA) —134.463
[15.963]
Country of origin: Germany (base level: USA) —145.622
[16.332]
Country of origin: China (base level: USA) —641.913
[46.153]
Country of origin: Russia (base level: USA) —650.139
[49.445]

Kk

*

Recommending institution (WTP in $)

Recommended by: media (base level: doctor) —166.268
[22.786]
Recommended by: CDC (base level: doctor) 10.688
[17.793]
Recommended by: WHO (base level: doctor) —46.891
[17.684]
Other (WTP in $)
Number of days for antibodies to develop —2.802
[0.718]
Number of months since developed 6.692
[3.688]
=1 if booster is available 85.811
[14.058]
Number of doses 8.751
[16.716]
Days between doses (divided by 10) 0.085
[9.889]

*dkedk

Class 2 Class 3 Class 4
Average probability of class membership
0.327 0.192 0.282
[0.010] [0.006] [0.011]
Average posterior probability of class membership
0.346 0.204 0.269
Vaccine uptake
0.904 0.050 0.562
0.940 0.167 0.862
0.961 0.353 0.967
Model coefficients
—4.235 ko 4.685 e 0.697 bl
[0.242] [0.893] [0.275]
2.383 ok 5.486 ok 2.169 okl
[0.174] [0.368] [0.135]
—0.009 ok —0.441 e —0.062 ok
[0.002] [0.027] [0.003]
Protection (WTP in $)
27.065 i 2.958 e 74.696 ok
[10.869] [0.991] [4.112]
6.279 0.32 8.007
[52.692] [4.954] [11.025]
5.592 1.264 el 14.884 ok
[3.732] [0.451] [0.969]
Side-effects (WTP in $)
—24.532 o —2.294 o —11.416 sk
[10.813] [1.039] [2.098]
—0.703 w —-0.017 —1.068 bk
[0.308] [0.031] [0.071]
—193.397 —29.583 43.823 i
[69.847] [6.701] [18.949]
—350.686 el -11.212 i —36.426 i
[98.026] [5.084] [16.348]
—544.65 ok —21.806 el —56.489 ok
[118.139] [4.369] [8.130]
—281.975 —14.876 i —88.571 e
[89.102] [5.264] [12.608]
—281.442 o —11.308 * —147.684 ok
[120.813] [6.287] [23.797]
—148.588 13.554 s 18.374
[93.679] [6.734] [19.467]
—67.817 —6.87 —23.816
[93.008] [6.280] [21.953]
—3.396 —0.564 bl —2.338 ok
[2.454] [0.256] [0.544]
22.208 * 0.743 13.466 ok
[13.108] [1.256] [4.647]
71.972 * 5.53 57.499 ek
[43.093] [4.869] [7.362]
—102.783 2.601 —30.578 i
[70.855] [7.607] [12.028]
36.562 0.76 8.176
[46.768] [4.322] [7.692]

this ASC was modeled as a normally distributed random parameter. For
all classes, we observe a significant standard deviation of this random
effect, indicating that the latent class specification itself did not suffi-
ciently account for the correlation structure of the stochastic part of the
model.

The estimated marginal disutility of cost is significant and negative
in all classes, accordingly to what we would expect, and supporting the
fact that individuals were attentive to vaccines eventually having an
associated expense. The cost parameter also varies across classes, with
the third class being the most cost sensitive, and the second class being
the least cost sensitive.

All other coefficients in Table 5 can be interpreted in monetary
terms, as the model was estimated in WTP-space to ensure comparisons
of estimates that are not subject to scale differences (for example, across
classes), in addition to the provision of metrics that are measured in
monetary terms. For example, individuals in Class 4 have the highest

WTP for efficiency and would be willing to pay $74.7 to increase vaccine
efficiency by 10 percentage points. For convenience, we grouped the
attributes into several types, so they would be easier to discuss.

First, there are attributes related to protection against COVID-19 as
provided by the vaccine. These include the efficiency of the vaccine as
well as the number of months of protection. We observe that individuals
in class 4 have the highest WTP for both of these attributes, followed by
the first class. Surprisingly, even though respondents in class 2 have the
highest vaccine uptake, they seem to care much less about the protection
provided by the vaccine. Class 3 is characterized by several times lower
WTPs than the other classes. In the survey, we also asked respondents
about minimal vaccine protection that they would find acceptable. This
was incorporated into the model as a binary variable equal to 1 if the
given vaccine’s efficiency exceeds the reported level. As can be seen, this
effect is significant only for respondents in Class 1, with individuals
willing to pay $26.8 more for the vaccine that provides at least minimal
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acceptable protection.'?

For the attributes related to possible side-effects, we observe that
preferences are relatively similar across classes 1, 2, and 4. In the case of
mild side-effects, class 2 seems to have much lower WTP, but the large
standard error indicates that it is actually not significantly different from
the other two classes. WTP for reduced severe side-effects is also very
similar across these classes and ranges from -$1 to -$0.7. As in the case of
protection-related attributes, class 3 is much less concerned about po-
tential side-effects.

For the vaccine origin attribute, we identified extremely negative
preferences for those vaccines that originated outside of the US. This is
especially apparent for classes 1 and 2. For example, individuals in class
1 would be willing to pay $640 less for a vaccine that originated in
China, than for the equivalent vaccine from the US. Although a low level
of trust in health products from some specific countries may be under-
standable,'® we also find highly negative preferences for vaccines from
the UK and Germany. This is surprising as the most popular vaccine in
the US was developed mainly in Germany by the BioNTech company.
However, it is possible that the respondents were not aware of this fact
as it was mainly advertised as the “Pfizer vaccine”, with Pfizer being a
US-based company. On the other hand, in class 4 we actually find a
positive effect of a UK-based vaccine, which suggests that at least some
individuals would consider a vaccine developed outside of the US.

Regarding the recommendation attribute, we identify a strong
distaste for vaccines recommended by the media. At the same time,
WHO and CDC are mostly considered to be as reliable as a doctor. The
exception is class 1, which revealed negative preferences for WHO
recommendation, and class 3, which had positive and significant WTP
for CDC recommendation.

Finally, with respect to other attributes, we see strong, positive
preferences for booster availability and negative preferences for the
number of days that it takes to develop antibodies. The number of doses,
and how long ago the vaccine was developed, seem to only matter to
individuals in class 4. The number of days between the two doses is the
only attribute that we found to be not significant in any class, indicating
that this waiting time is not an important inconvenience to the
respondents.

To summarize, we observe substantial preference heterogeneity
across the four classes that our model had identified. Surprisingly, the
second class, which is characterized by the highest uptake, does not
usually have the highest marginal WTP (even though this class is the
least cost sensitive). This suggests that for these respondents it is
important to get vaccinated, but they care much less about the specifics
of the vaccine (as long as it originates within the US). Individuals in
classes 1 and 4 usually have higher marginal WTP, even though their
average probability of getting vaccinated is lower. Lastly, class 3 has
usually both, the lowest marginal WTP, and the lowest uptake. We argue
that class 3 represents the vaccine-hesitant part of the population.

3.2. Class membership probability

In this subsection, we discuss the effects of individual-specific
covariates on class membership probabilities, as described by equation
(3). As « coefficients in this equation do not have a direct interpretation
and need to be interpreted with respect to the reference class, we instead

2 We note that the limited effect of this variable could be attributed to the
measurement error, that could arise if individuals were not certain about their
preferences regarding vaccine efficiency. This could be especially relevant at
the beginning of the pandemic, when the efficiency of the vaccines on the
market was not really known.

13 For example, COVID-19 vaccine developed in Russia was subjected to
heavy, international criticism, due to lack of proper large-scale trials, hiding
relevant data, and potential danger to vaccine recipients (Callaway, 2020;
Moutinho and Wadman, 2021).
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report marginal probability effects (on class membership probability).
Furthermore, we omit the results for latent factors, which are discussed
in the following subsection.

We first focus on the covariates related to the pandemic conditions
described in detail in Section 2.3. The marginal effects are presented in
Table 6. For convenience, we summarize each class with respect to up-
take and marginal WTP based on the discussion in the previous sub-
section. The reported marginal effects have quantitative interpretation.
For example, 10 mln. increase in the number of vaccinated individuals in
the US is correlated with an increase in the probability of belonging to
class 3 by 0.004. This is mostly compensated by the decreased proba-
bility of belonging to classes 1 and 2. Therefore, we observe that an
increase in the vaccination rate is actually associated with an increase in
individuals’ vaccine hesitancy. Furthermore, we can infer that this
switch in class membership probability will decrease the uptake and
marginal WTPs as these are the lowest (in absolute values) in class 3 for
most of the attributes. These effects are illustrated in Fig. 3, together
with the effects of other pandemic-related variables. We observe a
decreasing probability of getting vaccinated as the number of vaccinated
individuals increases in the population, as well as decreased WTP for
vaccine efficiency. On the other hand, for the attributes that were
considered to be negative (e.g. experiencing mild side effects), we
observe less negative preferences. For the number of COVID-19 cases in
the state of respondents’ residence, we find a negative association effect
on the probability of belonging to class 1, and a positive effect on the
probability of belonging to class 4. This would correspond to an
increased uptake as the number of COVID-19 cases is increasing. As class
1 was also characterized by an extremely negative preference for vac-
cines that originated outside of the US, an increase in the number of
COVID-19 cases could make such vaccines less undesirable (consider the
lower-right panel of Fig. 3). Finally, the Google trend related to the
vaccines is associated with a decrease in the probability of belonging to
class 2, which is then compensated by an associated increase for class 4.
This effect could therefore slightly decrease vaccine uptake, but could in
turn increase most marginal WTPs. This result could suggest that
increased interest revealed in Google searches be related to specific at-
tributes of the vaccine, rather than just a demand for getting vaccinated.

In Table 7 we report marginal effects for the rest of the observable
covariates. Specifically, we observe that individuals who are already
vaccinated appear as more likely to belong to classes 1 and 4, rather than
2. This result could be interpreted as these individuals caring more about
some specific attributes of the vaccine, rather than just about getting
vaccinated. This is a similar effect to what we observed for the Google
trend. On the other hand, individuals who were planning to get vacci-
nated in the first 3 months of the vaccine being available, appear as more
likely to belong to class 2, and less likely to belong to class 3. This result
means that these individuals are less likely to be vaccine-hesitant, and
more likely to get vaccinated with limited care about the specific attri-
butes of the vaccine. The difference in preferences between individuals
who already got the vaccine, and individuals who are planning to get it
in the near future may reflect the difference in the priorities of these two
groups. The latter are interested in getting the vaccine quickly to
decrease their risk of infection and care less about the specifics of the
product itself. The former have already decreased their risk with the
vaccine available on the market, so they can focus more on specifics to
further improve their protection. On the other hand, it seems that in-
dividuals who were planning to get vaccinated in the first 12 months of
the vaccine being available, and therefore would like to slightly delay
the process, are also more likely to belong to class 4 (rather than 3). This
suggests that these individuals could be more likely to get vaccinated,
but also that they care more about specific attributes of the vaccine.
Maybe these individuals need more time to get vaccinated to learn more
about available vaccines or to wait for the vaccine that will be closer to
their needs. We also find significant effects for individuals who plan to
get a flu shot, and who would volunteer for the COVID clinical trials.

With respect to other covariates, we find that individuals who
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Table 6
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Marginal effects of covariates related to pandemic conditions on class membership probability.

Class 1

Class 2 Class 3 Class 4

Average uptake, high

High uptake, average Low uptake, low High uptake, high

marginal WTP marginal WTP marginal WTP marginal WTP
Pandemic conditions
Vaccinated individuals (in 10 mln.) —0.003 i —0.003 * 0.004 ok 0.001
[0.001] [0.002] [0.001] [0.002]
No. of COVID-19 cases (7-day moving avg., in 1000) —0.004 o —0.001 0.001 0.005 wx
[0.002] [0.002] [0.001] [0.002]
Vaccine Google trend —0.001 —0.012  *** 0.002 0.011 ok
[0.002] [0.002] [0.002] [0.002]

Number of COVID-19 cases (in 1000s)
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Fig. 3. Associated effect of pandemic conditions on: the median probability of getting vaccinated (upper-left panel), WTP for an increase in vaccine efficiency (upper-
right panel), WTP for an increase of probability of mild side effects (lower-left panel), and WTP for vaccine originated from Russia (lower-right panel).

characterize themselves as republicans appear more likely to belong to
classes 1 and 3. This is probably driven by the negative preferences to-
ward vaccines from outside of the US in class 1, as well as general
vaccine hesitancy in class 3. In contrast, individuals who describe
themselves as somewhat conservative, or consider religion to be fairly
important in their lives, appear as more likely to get vaccinated. Age is
associated with an increase in the probability of belonging to class 2,
which suggests that older individuals care more about getting vacci-
nated rather than the specifics of a given vaccine. Surprisingly, we do
not find education to be correlated with the probability of belonging to
class 3, which we identify as vaccine-hesitant.

10

3.3. Latent factors

We now consider the results for the latent factors. The estimates from
the measurement equations, as per equation (5), were moved to Ap-
pendix A, Table A3. All estimates have expected signs. For the second
latent factor, we obtained positive coefficients for items such as “If an
illness is going around, I will get it”, which indicates an increased proba-
bility of answering “Strongly disagree” for high values of this latent
variable. Because of this result, we labeled this latent variable as
“Perceived uninfectability”, rather than “Perceived infectability” as in Diaz
et al. (2016). Similarly, for the third latent factor we obtained positive
coefficients for questions such as “How would you describe your current
health status?”. This means that the third latent variable increases the
chance of answering “Very poor”, so the latent variable was labeled “Poor
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Table 7
Marginal effects of the rest of observable covariates on class membership
probability.

Class 1 Class 2 Class 3 Class 4
Average High uptake, Low uptake, High uptake,
uptake, average low high
high marginal marginal marginal
marginal WTP WTP WTP
WTP

Vaccination-related plans

Already 0.047* —0.086%*** —0.013 0.052*
vaccinated [0.024] [0.029] [0.026] [0.031]

Planning to get —-0.016 0.093%** —0.057%* —0.02
vaccinated in [0.027] [0.026] [0.027] [0.030]
first 3 months

Planning to get 0.003 0.071%** —0.25%** 0.176%***
vaccinated in [0.028] [0.026] [0.030] [0.029]
first 12
months

Planning to get 0.046%** 0.016 —0.101%** 0.038**
flu shot [0.015] [0.018] [0.013] [0.019]

Would —0.031%* 0.119%** —0.078%** —0.01
volunteer to [0.015] [0.020] [0.016] [0.019]
clinical trial

Other socio-demographic variables

Republican 0.055%** —0.032%** 0.03%*** —0.053***

[0.006] [0.0071 [0.005] [0.008]

Religion is fairly =~ —0.039* —0.106%** —-0.027 0.172%**
important (or [0.022] [0.036] [0.022] [0.041]
more)

Conservative —0.024* 0.065*** —0.036%** —0.005
(somewhat or [0.014] [0.017] [0.012] [0.018]
more)

Age (divided by —-0.011 0.022%** 0.003 —0.013
10) [0.008] [0.007] [0.005] [0.009]

Older than 65 0.003 0.024** —0.009 —0.019

[0.011] [0.011] [0.009] [0.014]

Male 0.009 0.059*** —0.015 —0.053***

[0.015] [0.019] [0.011] [0.020]

How many 0.038* —0.048* —0.009 0.019
children [0.022] [0.025] [0.014] [0.026]

How many 0.004 —0.002 —0.024%* 0.022
elderly [0.014] [0.017] [0.011] [0.018]

Currently 0.054*** —0.023 —0.009 —0.022
employed [0.019] [0.019] [0.013] [0.023]

Has a driving 0.005 0.064%** 0.003 —0.071%***
licence [0.014] [0.016] [0.011] [0.018]

Education (hasa  0.01 0.05%** 0.003 —0.063***
degree) [0.017] [0.018] [0.013] [0.021]

Black 0.001 0.006 —0.005 —0.001

[0.019] [0.021] [0.015] [0.023]

Non-white —0.04* 0.001 0.029 0.011

[0.022] [0.023] [0.018] [0.026]
Income 0 0.003* —0.004*** 0.001
[0.002] [0.002] [0.001] [0.002]
health”.

To obtain a richer insight into the interpretation of the latent vari-
ables we provide in Table 8 the point estimates of the parameters of the
structural equations (equation (4)). We note, however, that the design of
the study does not allow us to conclude that these effects represent
causal relationships, as they are only based on correlations.

With respect to germ aversion, we observe that all variables related
to the pandemic conditions are insignificant. On the other hand, in-
dividuals who are planning to get vaccinated quickly and would
volunteer for clinical trials are on average less germ averse, whereas for
individuals with plans of getting vaccinated in a year, and with plans for
getting a flu shot, we observe the opposite effect. This may indicate that
individuals who are averse to germs may also be more concerned about
the safety of the vaccine, and therefore they would rather delay their
vaccination appointment. Furthermore, we observe that conservative,
less educated, male, white, with higher income, and younger individuals
are less germ averse.
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Table 8
Estimates of structural equations for the latent factors.
LV 1 (Germ LV 2 (Perceived LV 3 (Poor
aversion) uninfectability) health)
Pandemic conditions
Vaccinated individuals —0.02 [0.024] 0.083*** [0.021] 0.001
(in 10 mln.) [0.021]
No. of COVID-19 cases —0.006 0.008 [0.013] —0.031**
(7-day moving avg., in [0.019] [0.016]
1000)
Vaccine Google trend —0.029 0.038** [0.016] —0.018
[0.018] [0.016]
Vaccination-related plans
Already vaccinated 0.051* 0.074*** [0.024] 0.049**
[0.026] [0.023]
Planning to get —0.067** —0.147*** [0.028] —0.051*
vaccinated in first 3 [0.031] [0.029]
months
Planning to get 0.124%%* —0.004 [0.028] —0.004
vaccinated in first 12 [0.030] [0.027]
months
Planning to get flu shot 0.043** —0.142%** [0.017] 0.047%%*
[0.019] [0.017]
Would volunteer to —0.132%** —0.123*** [0.018] —0.065%**
clinical trial [0.020] [0.018]
Other socio-demographic variables
Republican —0.005 0.105*** [0.017] 0.006
[0.019] [0.017]
Religion is fairly 0.011 [0.017] —0.121%** [0.015] —0.068%**
important (or more) [0.016]
Conservative (somewhat ~ —0.128%** —0.039** [0.017] —0.071%***
or more) [0.019] [0.017]
Age (divided by 10) 0.178%*** 0.2%** [0.024] 0.262%**
[0.026] [0.023]
Older than 65 —0.005 0.106*** [0.024] —0.144%**
[0.026] [0.024]
Male —0.313*** —0.012 [0.016] —0.09%**
[0.018] [0.016]
How many children —0.025 —0.085%** [0.017] —0.024
[0.018] [0.017]
How many elderly —0.07%** —0.048** [0.019] —0.026
[0.020] [0.017]
Currently employed —0.042%* 0.034* [0.019] —0.176%**
[0.019] [0.018]
Has s driving licence 0.038** 0.048*** [0.014] —0.056%**
[0.016] [0.015]
Education (has a degree) =~ —0.047*** —0.002 [0.017] —0.142%**
[0.018] [0.017]
Black 0.058%** 0.065*** [0.016] —0.044%***
[0.018] [0.016]
Non-white 0.05%** 0.03** [0.015] 0.028*
[0.016] [0.015]
Income —0.045** —0.046*** [0.017] —0.143%**
[0.021] [0.017]

For the latent perceived uninfectability, we find a positive relation-
ship between no. of vaccinated individuals and the vaccine-related
google trend. We also observe a similar effect for individuals who
have already got vaccinated. On the other hand, this attitude is nega-
tively associated with plans for getting a COVID-19 vaccine or a flu shot.
This suggests that perceived uninfectability is closely related to the
perceived risk of getting infected. Being vaccinated and higher rate of
vaccinated individuals decrease the risk and therefore increase this
attitude. At the same time, a low perception of this risk may be nega-
tively associated with the propensity to get vaccinated. Apart from these
results, we find, among others, that individuals identifying as re-
publicans, older, black, and with lower income have a higher perception
of uninfectability.

For the third latent factor, we find that the number of COVID-19
cases is correlated with an improvement in the perception of re-
spondents’ own health. It is not clear how to interpret this effect.
Possibly, individuals rate their health relative to others. A high number
of infections in the place of residence could then motivate respondents
to think better about their own health status. Furthermore, we observe
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that vaccinated individuals report better health, similarly as individuals
who plan to get a flu shot. With respect to other covariates, older in-
dividuals appear as more likely to report poor health, whereas conser-
vatives, religious individuals, males, black, individuals with higher
education, and individuals with higher income are more likely to report
a better health status.

Analogously to the previous subsection, we report marginal effects in
Table 9, to see how these latent factors are associated with class prob-
ability membership.'* Contrary to the marginal effects for other vari-
ables (e.g., in Table 7), these estimates do not really provide much
quantitative insight as the scale of latent factors is arbitrary and a result
of the adopted normalization (Chorus and Kroesen, 2014). As such, a
unit increase in the latent variable is not very informative. To tackle this
issue we employ two approaches. First, we use Hess et al. (2018) sample
enumeration approach, which is reported in the second part of Table 9.
Here, we evaluate the difference in the probability of each class mem-
bership if the attitudes would change accordingly to some observed
covariate. For example, from the results in Table 8, we can see that in-
dividuals of different ages hold different attitudes toward germs. With
the sample enumeration approach, this variation can be utilized to say,
for example, how would the class membership probability change if the
germ aversion would increase from the level that is on average held by
the 25 years old to the attitude level that is on average held by the 75
years old. For the second class, the effect is a decrease in the probability
of 0.016 (1.6 percentage points). In Table 9 we report the marginal ef-
fects due to change accordingly to age and gender as these two cova-
riates explained the most variation in the structural equations of the
latent factors.

The second approach links the latent factors back to the indicator
variables (consider Table 3). Specifically, we utilize individual-specific
posterior distribution to estimate what is the expected value of the
latent factor for the given individual, given their answers to the indi-
cator questions (Sarrias, 2020). The marginal effects in the last part of
Table 9 then estimate how the class membership probability would
change if the value of the latent factor would increase accordingly to the
expected change if all the relevant indicator variables would change by
one unit.'® Using this approach, the marginal effects are not dependent
on the employed normalization and could be replicated if one would use
the same scale in a different study. We believe that this technique could
be a useful alternative to the sample enumeration approach, for
example, when structural equations do not explain much variation in the
latent factors. In Fig. 4 we use the same approach to illustrate how these
effects translate to the predicted vaccine uptake and several chosen
marginal WTPs. For example, for germ aversion, we consider 7 levels of
the latent factor, which correspond to its expected value given that
answers to all relevant indicator variables are of the same level. So level
1 corresponds to the expected value of the latent variable if all answers
to the indicator variables that are positively (negatively) correlated with
it would be equal to 1 (7). Level 2 corresponds to all the answers equal to
2 (6), and so on.'°

Germ aversion is associated with a decrease in the probability of
belonging to classes 2 and 3, which in turn increases the probability of

14 Marginal effects for the latent variables were calculated for each set of
quasi-random draws, and then averaged over them for each individual in the
sample.

S We consider a direction of a change consistent with an increase in the latent
factor. For example, germ aversion is negatively correlated with the first indi-
cator and positively correlated with the second (consider Table A3). As such we
consider a unit decrease of the former, and a unit increase of the latter. We also
assume that the change cannot exceed the existing scale (for example, indicator
cannot increase from 7 to 8 if it was measured on the 7-point scale).

16 This approach is easier to use when all the indicator variables are on the
same scale. In the case of the ,,poor health” some indicators are binary, and
some use 5-point scale. Because of that we calculate only the two most extreme
effects.
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belonging to the fourth class. Decreased probability of belonging to
vaccine-hesitant class 3 correlated with an increase in germ aversion,
ultimately seems to increase the probability of getting vaccinated,
although very slightly. At the same time, an increased probability of
belonging to the fourth class is related to a large increase in WTP for
vaccine efficiency.

Perceived uninfectability is correlated with a decrease in the prob-
ability of belonging to class 2, which is then compensated by an asso-
ciated increase in membership in classes 3 and 4. This result would
translate to a strictly negative effect on vaccine uptake, mostly driven by
increased membership in the vaccine-hesitant class. Nonetheless, the
effect on the attributes would be mixed, as individuals in class 3
generally care less about the whole set of vaccine attributes, whereas in
class 4 individuals appear to often care more than those in the second
class.

Finally, poor health is associated with a decrease in the probability of
belonging to the second class and an increase in the probability of
belonging to the fourth class. Because of this result, poor health would
have a very limited effect on vaccine uptake, but would mostly increase
marginal WTP metrics.

4. Limitations

Although limitations have been acknowledged throughout the
article, this section summarizes caveats of the data collection strategy
and modeling approach that frame results in a very specific context.
First, recruitment of participants was performed through a panel of re-
spondents of on-line surveys acquired from Qualtrics. Compared to other
studies by the authors with data from both professional panels of re-
spondents and intercept surveys in other contexts, the proportion of
covariates that resulted in statistically significant estimates is high,
supporting the fact that respondents were highly motivated to partici-
pate and engaged in the survey. In fact, an open-ended question at the
end of the survey asking for comments also supports that respondents
were engaged and motivated to answer accurately. Responses were long
and highlighted that respondents found the survey timely and engaging.

Choice experiments offer an insight on stated responses, but intended
actions may differ from actual behavior. In this particular case, the
presented vaccines were clearly framed within a hypothetical context
where only two vaccines would be available, that individuals would
have a choice about which vaccine to receive, and that out-of-pocket
costs could be involved (although a level representing a free vaccine
was considered). In practice, vaccines have been offered for free and
individuals did not have a choice of which vaccine they would receive.
Furthermore, over the first waves, vaccines were still under develop-
ment, and it was not until data collection was completed that informa-
tion was available about duration of protection being relatively short-
lived. In this sense, there have been multiple sources of uncertainty
regarding vaccines and their features. But in this context, the hypo-
thetical framing of the experiment is a strength as it offers a scenario of
presumed certainty about vaccine attributes. With respect to welfare
measures, since the vaccine ended up being offered for free, a fact that
was not clear when designing the experiment and over early data
collection, the estimates of willingness to pay need to be interpreted
with care as they may be biased. However, willingness to pay estimates
are free of scale issues and thus can be compared across waves and
studies. Furthermore, the estimates offer insights of ranges of willing-
ness to pay that could be considered fair by individuals in a possible
future scenario where people may face out-of-pocket expenses.

The use of a hybrid choice model that integrates latent factors into
the utility function of individuals offers a behaviorally rich specification
with gained insights in associations between attitudes and vaccine up-
take, but transfer of results, as well as predictions, become more diffi-
cult. Specifically, as the scale of the latent factors is arbitrary, it is
difficult to utilize these models for quantitative inference. To address
this issue, we utilize the sample enumeration approach proposed by Hess
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Table 9
Marginal effects of the latent factors on class membership probability.

Social Science & Medicine 332 (2023) 116093

Class 1 Class 2

Class 3 Class 4

Average uptake, high marginal

High uptake, average marginal

Low uptake, low marginal High uptake, high marginal

WTP WTP WTP WTP

LV 1 (Germ aversion) 0.015 —0.035 ke —0.022 wkk 0.043 ol
[0.009] [0.010] [0.0071 [0.011]

LV 2 (Perceived uninfectability) 0.014 * —0.09 ek 0.025 ek 0.052 ok
[0.008] [0.009] [0.006] [0.010]

LV 3 (Poor health) 0.002 -0.033 = 0.000 0.03 el
[0.008] [0.009] [0.006] [0.010]

Sample enumeration

LV 1 (Germ aversion):

Age (25 vs. 75) 0.007 * -0.016  ** —-0.01 el 0.019 il
[0.004] [0.005] [0.003] [0.006]

Male (vs. female) —0.009 0.021 ke 0.013 wk —0.026 ok
[0.005] [0.006] [0.004] [0.007]

LV 2 (Perceived uninfectability):

Age (25 vs. 75) 0.011 —0.07 0.018 whx 0.04 bl
[0.007] [0.009] [0.005] [0.009]

Male (vs. female) 0.000 0.002 —0.001 —0.001
[0.000] [0.003] [0.001] [0.002]

LV 3 (Poor health):

Age (25 vs. 75) 0.001 —-0.01 el 0.000 0.01 i
[0.002] [0.004] [0.002] [0.004]

Male (vs. female) 0.000 0.006 0.000 —0.005  ***
[0.001] [0.002] [0.001] [0.002]

Unit increase of indicator variables

LV 1 (Germ aversion) 0.008 -0.02 e —-0.012 kA 0.024
[0.005] [0.006] [0.004] [0.006]

LV 2 (Perceived uninfectability) 0.006 —0.045 i 0.012 il 0.026 i
[0.004] [0.004] [0.003] [0.006]

LV 3 (Poor health) 0.002 —0.035 ol 0.000 0.034 el
[0.009] [0.010] [0.007] [0.011]

et al. (2018), as well as propose a new approach that employs
individual-specific posterior distribution of the latent factors to link
them back to the observed indicator variables. Furthermore, the inter-
pretation of the latent variables is based on their correlation with the
utilized indicator variables and is to some extent arbitrary. For the two
of the latent variables we have employed an established psychological
scale (PVDQ), and interpreted the obtained factors accordingly with the
previous literature (Duncan et al., 2009; Diaz et al., 2016). Nonetheless,
itis not clear how these factors relate to some other constructs utilized in
the literature. For example, perceived uninfectability seems to be closely
related to the perceived risk of infection, which was utilized for example
by Leng et al. (2021). The main difference is that the construct that was
used by us is more general, i.e. it is not directly associated with a specific
disease like COVID-19. It should also be more stable in time, as it
measures the general trait of (lack of) susceptibility to infectious dis-
eases, whereas risk of infection with COVID-19 is closely related to the
given context (for example, the number of COVID-19 cases). Nonethe-
less, we found that perceived uninfectability also depends on some
contextual factors such as vaccination rate, so further research is needed
to clearly distinguish between the different constructs.

Finally, as noted by one of the Reviewers, the results of the HCM
could be affected by the order in the choice experiment and attitudinal
data were collected. Specifically, the latter questions were asked after
the choice experiment. The limitation of the current study is that its
design does not really allow us to investigate this issue. As Chorus and
Kroesen (2014) point out, individuals tend to align their attitudes with
their choices to seem consistent when filling out the survey. It is not
clear, however, whether such alignment is a significant issue in this case,
as the PDVQ scale that we utilize is neither directly related to COVID-19
nor to the vaccination. So the “alignment” is not really straightforward.
On the other hand, it could be the case that because of the context of the
survey, individuals could interpret the questions differently than in the
prior work. For example, the statement “If an illness is going around, I will
get it”, could be interpreted in relation to COVID-19, rather than more
generally to infectious diseases.
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5. Conclusions

In the current study, we have analyzed individuals’ preferences for
the COVID-19 vaccine in the US using a choice experiment survey. The
fact that the study was conducted in five waves throughout the
pandemic, and that the modeling framework combined choice experi-
ment data with attitudinal questions, allowed us to control for a wide
variety of factors that are absent in other work. Furthermore, our esti-
mation strategy implements a novel hybrid choice model with a latent
class logit kernel and a continuous random effect. In what follows we
discuss the results presented in the previous section and provide some
implications for public policy.

The latent class logit model that we employed revealed substantial
preference heterogeneity within the analyzed sample. We identified four
distinct segments of consumers: (i) vaccine-uncertain, with vaccination
probability varying heavily depending on vaccine characteristics,
especially, on the country of origin, (ii) pro-vaccine with limited interest
in the specific characteristics of the vaccine, (iii) vaccine-hesitant, and
(iv) pro-vaccine, but with high interest in the specific characteristics of
the vaccine, such as vaccine efficiency. For policymakers who aim to
incentivize individuals to get vaccinated, segments (i) and (iii) would be
of the highest importance. Our results in Table 7 show that low-income
republicans may be especially prone to belong to these classes. Estimates
show that even for these two groups, trade-offs are still considered by
individuals within these classes when presented with vaccination
choices. As such, financial incentives could work well to convince con-
sumers in these segments (Fishman et al., 2022). Furthermore, public
campaigns for boosters and expected annual vaccination could focus on
the specific attributes that individuals in these classes consider to be
important, for example, that vaccine was developed in the US. We note,
however, that effectiveness of such policies is unfortunately not clear
(Sadaf et al., 2013).

In the latent class portion of the model, we identified two consumer
classes with extremely negative preferences towards vaccines that
originate outside of the US. This is in stark contrast to the results
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Fig. 4. The effect of latent factors on: the median probability of getting vaccinated (upper-left panel), WTP for an increase in vaccine efficiency (upper-right panel),
WTP for an increase of probability of mild side effects (lower-left panel), and WTP for vaccine originated from Russia (lower-right panel). Note: The levels of the
latent factor are related to its expected value given a specific answers to all related indicator variables. The first two LVs were based on the 7-point PVDQ scale, and
therefore we consider 7 different levels. For the third LV we consider only two most extreme levels of the related indicator variables, which are visualized at points 1

and 7 in the graph.

reported recently by Kobayashi et al. (2021), who find no effect of the
vaccine origin. Our results, therefore, seem more in line with Smith
(2021), who reports that the US sample prefers US-based vaccines over
those from other countries. Nonetheless, it seems that more research is
needed to identify the reasons for these extreme preferences, especially
with respect to the European countries which comply with international
health standards (such as Germany and the UK).

Our analysis revealed that actual vaccination rates are positively
related to vaccine hesitancy. This goes against the usual finding that
vaccine intention is positively correlated with social norms (Brewer,
2021)."7 There could be several explanations for this effect. First, the
general population may not be a relevant comparison group for
vaccine-hesitant individuals. As such it may not be a good indicator of
the social norm. Second, the vaccination rate in the US may not be high
enough to actually “activate” the social norm. Lau et al. (2019) find that
the vaccination rate needs to be at least 65% to start having a positive
effect on individuals’ intentions. Still, these two arguments only explain
the lack of the positive effect, rather than the negative effect that we
observe. The third explanation could be that this effect is driven by
free-riding behavior, where individuals feel less obliged to vaccinate
when they believe to be protected by herd immunity (Hershey et al.,
1994; Agranov et al., 2021). Finally, it could be an effect of the increased
number of circulating information regarding vaccine side effects
following the vaccine roll-out (Diaz et al., 2021). Nonetheless, the
identified relationship shows that there is no “snowball effect’, where

17 We note, however, that not all studies identify such an effect (e.g., Sinclair
and Agerstrom, 2023).
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some public interest in vaccination encourages other individuals to
vaccinate as well. Our result, therefore, highlights the importance of
policy to manage and incentivize individuals to vaccinate. On the other
hand, we observed that an increased number of COVID-19 cases may
cause individuals to switch from the vaccine-uncertain segment to a
pro-vaccine one. This illustrates that individuals react to the pandemic
conditions and that they may be more likely to vaccinate when the
infection rate is higher. Finally, the Google trend data does not seem to
affect vaccine hesitancy much, but it increases individuals’ marginal
willingness to pay. As such, Google trends do not necessarily seem to be
an indicator of vaccination demand but could reveal public interest in
some vaccine characteristics, such as effectiveness or side effects. One
could try to use more detailed search queries, although we found these
to be highly correlated with each other which renders the analysis
difficult. In fact, there is more research needed on the framework of
incorporating Google trend data into stated preference research.

The use of a hybrid choice modeling framework allowed us to
incorporate the Perceived Vulnerability to Disease Questionnaire into
our model. To our knowledge, this is the first application that combines
this scale with choice experiment data. We find that both factors iden-
tified by this scale affect individuals’ vaccination choices. Germ aversion
only slightly increases individuals’ likelihood of getting vaccinated, but
has a large positive effect on some marginal WTP, especially for the
vaccine efficiency. Previous research shows that this attitude is posi-
tively correlated with pandemic-related anxiety as well as social
distancing behavior (Makhanova and Shepherd, 2020). As such, it is
surprising that we find only a limited effect of germ aversion on vacci-
nation uptake. Possibly, the vaccination appointment itself can be
anxiety-inducing for germ-averse individuals, as it may require standing
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in the queue in the pharmacy. This explanation is consistent with our
finding that individuals who stated that they would like to get vacci-
nated quickly are on average less germ averse. Nonetheless, germ-averse
individuals are willing to pay a premium to increase the level of pro-
tection, which is consistent with our expectations.

With respect to the second attitude, we find that the perceived
uninfectability highly decreases vaccine uptake. This is an expected
result, as it measures a belief in the lack of susceptibility to infectious
diseases. Furthermore, this attitude is positively associated with prob-
ability of belonging to the vaccine-hesitant class. As such, perceived
uninfectability may be related to the belief in “natural immunity”, which
is one of the leading arguments of individuals hesitant to vaccinate
(Taylor et al., 2020). Therefore, it seems that the PVDQ scale is a
promising instrument to account for such an attitude in applied
research. Nonetheless, even though we find that perceived uninfect-
ability decreases the probability of getting vaccinated, it can also in-
crease marginal WTP for certain attributes. As such, the relationship
between this belief and individuals’ preferences may be more complex
than expected. Nonetheless, in order to increase the vaccination rate, a
public campaign addressing the “natural immunity” argument, maybe a
worthwhile undertaking.

Finally, stated health status seems to have a very limited effect on
vaccine uptake. As individuals in poor health are at higher risk of hos-
pitalization and death from COVID-19, the lack of this effect shows that
it should not be assumed that vulnerable citizens will voluntarily take

Appendix A. Supplementary data
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necessary precautions. On the other hand, we see a positive effect of
poor health status on marginal WTPs. Therefore, individuals in poor
health would be willing to pay extra to get a vaccine that provides, for
example, higher effectiveness.

From the modeling perspective, we find that an HCM specification
with latent classes and random effect outperforms the analogous HCM
specification with only a latent class structure. This result highlights the
importance of combining different forms of unobserved preference
heterogeneity to capture the complexity of consumers’ tastes.
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Appendix A
Table Al

Detailed information for the sample, regarding race, education level and worldview-related variables.

Race: White Black or African American Indian and Asian Native Hawaiian and Multiracial
American Alaska Native Other Pacific Islander
0.747 0.158 0.011 0.035 0.003 0.026
Education: Lower than Bachelor or Master degree Higher than
bachelor degree associate degree master degree
0.404 0.368 0.176 0.051
Generally speaking, do you Very conservative Somewhat Moderate Somewhat liberal ~ Very liberal
usually think of yourself as: conservative
0.182 0.167 0.358 0.149 0.144
How important is religion to you? Not at all Slightly important Fairly important Very important Extremely important
important
0.211 0.144 0.172 0.215 0.257
In general, would you say your Republican Democrat Independent Other No preference
views in most political matters 0.28 0.451 0.218 0.011 0.04
are:
Table A2
Latent class model estimates (in preference-space).
Class 1 Class 2 Class 3 Class 4
Model coefficients
Opt out ASC —0.047 —4.235 ok 4.685 ok 0.697 ok
[0.364] [0.242] [0.893] [0.275]
Opt out ASC (std.dev.) 1.511 i 2.383 e 5.486 e 2.169 e
[0.086] [0.174] [0.368] [0.135]
Out-of-pocket cost (in 10$) —0.076 ek —0.009 ek —0.441 i —0.062 e
[0.006] [0.002] [0.027] [0.003]
Protection
% of protected vaccinated people (divided by 10) 0.257 ok 0.025 ok 0.13 el 0.467 ek
[0.021] [0.009] [0.043] [0.020]
=1 if minimal protection satisfied 0.204 o 0.006 0.014 0.05
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Table A2 (continued)
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Class 1 Class 2 Class 3 Class 4
Model coefficients
[0.101] [0.049] [0.218] [0.069]
Number of months of protection 0.09 ok 0.005 0.056 ok 0.093
[0.010] [0.004] [0.020] [0.006]
Side-effects
How many people develop mild side effects (1 in 10) —0.091 ok —0.023 —-0.101 i —0.071
[0.022] [0.008] [0.046] [0.013]
How many people develop severe side effects (1 in 1 mln) —0.067 il —0.006 o —0.008 —0.067 HrE
[0.007] [0.003] [0.014] [0.004]
Origin
Country of origin: UK (base level: USA) —1.022 el —0.178 el —1.303 ekl 0.274 i
[0.121] [0.054] [0.329] [0.116]
Country of origin: Germany (base level: USA) -1.107 ok -0.323 —0.494 —0.228 o
[0.101] [0.049] [0.226] [0.101]
Country of origin: China (base level: USA) —4.88 e —0.502 el —0.961 ok —0.353 il
[0.149] [0.034] [0.213] [0.049]
Country of origin: Russia (base level: USA) —4.943 ok —0.26 —0.655 ol —0.553 okl
[0.145] [0.061] [0.230] [0.072]
Recommending institution
Recommended by: media (base level: doctor) —1.264 —0.259 il —0.498 * —-0.923 okl
[0.140] [0.094] [0.275] [0.145]
Recommended by: CDC (base level is doctor) 0.081 -0.137 * 0.597 xx 0.115
[0.136] [0.074] [0.304] [0.122]
Recommended by: WHO (base level is doctor) —0.356 ok —0.063 —0.303 —-0.149
[0.131] [0.084] [0.275] [0.137]
Other
Number of days for antibodies to develop —0.021 ok —0.003 —-0.025 e -0.015 bkl
[0.006] [0.002] [0.011] [0.003]
Number of months since developed 0.051 * 0.02 * 0.033 0.084 sk
[0.027] [0.011] [0.056] [0.029]
= 1 if booster available 0.652 ok 0.066 * 0.244 0.359 ek
[0.100] [0.039] [0.214] [0.044]
Number of doses 0.067 —0.095 0.115 —0.191 ok
[0.126] [0.064] [0.333] [0.075]
Days between doses (divided by 10) 0.001 0.034 0.033 0.051
[0.075] [0.042] [0.190] [0.048]
Table A3
Estimates of coefficients of latent factors in the measurement equations. Each indicator variable is treated as an ordered probit model.
LV 1 (Germ LV 2 (Perceived LV 3 (Poor
aversion) uninfectability) health)
It really bothers me when people sneeze without covering their mouths —0.679  x**
[0.029]
I am comfortable sharing a water bottle with a friend 0.912 o
[0.028]
I don’t like to write with a pencil someone else has obviously chewed on —0.538 i
[0.023]
I prefer to wash my hands pretty soon after shaking someone’s hand —0.521 ok
[0.023]
My hands do not feel dirty after touching money 0.836 el
[0.025]
It does not make me anxious to be around sick people 0.771 il
[0.023]
If an illness is going around, I will get it 1.289 o
[0.024]
I have a history of susceptibility to infectious diseases 1.615 o
[0.032]
In general, I am very susceptible to colds, flu, and other infectious diseases 1.719 wx
[0.034]
I am more likely than the people around me to catch an infectious disease 1.502 sk
[0.028]
How would you describe your current health status? 3.309 ekl
[0.322]
How would you describe your health status in 2019? 2.072 ok
[0.091]
Did the respondent answer: “Do you have an underlying health condition that puts you more at risk if contracting —0.189  *x*
COVID-19?” [0.040]
Do you have an underlying health condition that puts you more at risk if contracting COVID-19? 0.343 il
[0.023]
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