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Abstract

Only a universal vaccination program, which immunizes the population irrespective
of origin and ethnicity — similar to the spread of the Coronavirus itself — will effectively
fight the public health threat posed by COVID-19. This qualifies the COVID-19 vac-
cination program as an interesting case to test for welfare chauvinism. On that prem-
ise, we conducted a pre-registered paired-vignette experiment during the first week of
the Danish vaccination program, trying to find out whether recent immigrants and Mus-
lim minorities are regarded as less deserving of access to critical preventive healthcare
amid a pandemic. Our results show that Muslim and immigrant diabetes patients are
indeed systematically seen as less deserving of an early vaccination. These results
are consistent even if we focus on patients who followed the guidelines on facemask
wearing and social distancing and who have diabetes despite their responsibly healthy
lifestyle. Contra our pre-registered hypotheses, we find only weak evidence that immi-
grants or Muslims are penalized more harshly for not having followed these guidelines,
or for having diabetes because of an unhealthy lifestyle. Compared with previous re-
search, we exploit a timely and significant event to study welfare chauvinism and are
the first to disentangle minority status from stereotypes about their anti-social freerid-
ing behavior and irresponsible lifestyles.
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Introduction

Social science research on welfare chauvinism shows that considerable shares of na-
tive-born citizens would like to treat immigrants and their descendants as second-class
citizens with no or limited access to welfare state benefits (Kulin, Eger, and Hjerm
2016; van Oorschot 2008a). Larsen and Schaeffer (2020) provide first evidence of
healthcare chauvinism during the COVID-19 pandemic and claim that their work over-
comes a potential shortfall of previous research on welfare chauvinistic attitudes:
While policy makers frequently justify reforms that limit access to welfare benefits for
immigrants as measures that incentivize fast labor market integration and assimilation
into the mainstream, similar arguments cannot be made with respect to non-treatment
of a COVID-19 infection.

The COVID-19 pandemic may serve as informative test case to study the profound-
ness of welfare chauvinistic attitudes for yet another reason. Generally, people distin-
guish healthcare from other welfare services and frequently regard it as a basic human
need — especially in countries with a national healthcare system (Laenen, Rossetti,
and van Oorschot 2019). Jensen and Petersen explain this with “the particular nature
of health problems over human evolutionary history involving primarily random infec-
tions and injuries” (2017:69), and provide extensive experimental evidence that this
deep-wired support for healthcare may even override other factors that usually shape
judgements about welfare deservingness. COVID-19 is the most recent in a long his-
tory of infectious diseases that spread among humans regardless of their status,
wealth and merit — or origin and ethnicity. In consequence, preventive public health
responses to the pandemic — such as access to a public vaccination program — should
be as universal as the human susceptibility to a COVID-19 infection. Against this back-
ground, the case of equal access to preventive healthcare during a pandemic, frames
the expression of welfare chauvinism as a particularly deep-sitting and profound public

opinion.

On that theoretical premise, we conducted a pre-registered conjoint online survey
experiment among a random probability sample of 2,500 native-born Danes, trying to
find out whether recent immigrants and Muslim minorities are regarded as less de-
serving of critical access to preventive healthcare amid a pandemic. Respondents

were presented with two paired-vignettes — both describing a diabetes patient facing



a high risk of severe illness from COVID-19 — and asked to choose who of the two
should get vaccinated as part of the groups initially prioritized in the vaccination pro-

gram.

Beyond exploiting a timely event, our experimental design is furthermore the first to
explicitly disentangle minority status — especially Muslim minority status — from stere-
otypes about their anti-social behavior and irresponsible lifestyles. This allows us to
study pure apathy against Muslims and immigrants irrespective of malleable beliefs
about their stereotypical behavior, but also whether they face extra penalties for show-
ing such behaviors. Using a full factorial design, our paired vignettes randomized
whether the diabetes patient was born in Denmark or immigrated within the past year
and whether he had a Danish/Nordic or a Muslim name. Making sure to map all di-
mensions of the deservingness heuristic (see theory section), we further randomized
whether the described person followed the government guidelines on social distancing
and facemask wearing (antisocial behavior), and whether he has diabetes despite a

healthy or because of an unhealthy lifestyle (irresponsible lifestyle).

Theoretical background

Welfare chauvinism describes the aversion of non-immigrant-origin citizens to share
the benefits of a welfare state with immigrants and their descendants. Andersen and
Bjerklund originated the term and put it bluntly: welfare chauvinists claim that “welfare
services should be restricted to 'our own” (Andersen and Bjgrklund 1990:212). De-
fined such, welfare chauvinism is an alternative to Alesina and Glaeser’s (2004) warn-
ing that — especially European — countries will face difficulties in maintaining welfare
systems alongside continuing immigration because of the majority population’s unwill-
ingness to share welfare benefits with immigrants and their descendants. Alesina and
Glaeser’s hypothesis is informed by the example of the US, where racism and the
stereotype that Black or Hispanic Americans would over-proportionately benefit from
welfare turns whites against supporting welfare policies in general (Fox 2004; Gilens
2000; Winter 2006). Yet Alesina and Glaeser’s warning overlooks that what demo-
cratic institutions preclude with respect to race, is possible in terms of foreign citizens
and immigrants: Rather than abandoning the welfare system altogether, welfare chau-
vinism allows maintaining a strong welfare state while limiting its universal character,

that is, it excludes the unwanted. European scholars have paid particular attention to
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the phenomenon, studying both trends towards welfare chauvinistic policies
(Keskinen, Norocel, and Jgrgensen 2016) and welfare chauvinistic attitudes among
the European public (Kulin et al. 2016; van Oorschot 2008b).

The theory of the deservingness heuristic is the standard approach to explain how
people form welfare opinions — including welfare chauvinistic attitudes (Feather 1999;
van Oorschot 2000). According to this theory, people assess the degree to which a
person or a group deserves welfare support by considering five criteria: their level of
need, their responsibility for and control over this hardship, reciprocity with respect to
the welfare system, stereotypes about their typically (anti-)social behavior towards so-
ciety, and finally their ethnic background. Some further consider whether the person
or group shows effort to get out of their situation of need (DeSante 2013), but it is
questionable whether this is a dimension that is theoretically distinct from that of re-
sponsibility and control. Focus group research suggests that people consider espe-
cially past and not potential future contributions to the welfare system, when they con-
sider the dimension of reciprocity (Laenen et al. 2019). Against this background, it is
only welfare chauvinism proper, if someone sees immigrants as less deserving of wel-
fare support because of their ethnic background, which defines them as not 'our own'.
That said, because people also use group stereotypes in their evaluation of deserv-
ingness, welfare chauvinism may also be rooted in regarding immigrants as not having
contributed to the welfare system enough, being anti-social free riders, or self-respon-
sible for their situation of need. Careful research needs to disentangle these theoreti-

cally distinct drivers of welfare chauvinism.

Initial studies asked respondents to compare immigrants to groups such as the el-
derly or the unemployed and shows that immigrants tend to be ranked by Europeans
among the least deserving of welfare support (van Oorschot 2006, 2008b). However,
more recently scholars have come to see these comparisons as biased, because be-
ing an immigrant implies no situation of need and thus also no deservingness (Kootstra
2016). Scholars have therefore moved on to using survey experiments in which re-
spondents are presented with fictional vignettes of individuals who are in comparable
situations of need and responsibility (e.g., are unemployed) but differ with respect to
their ethnic background and length of residence. These experimental studies consist-
ently show that majority members regard ethnic minorities and recent immigrants as
less deserving of welfare (Buss 2019; Ford 2016; Gilens 1996; Hjorth 2016; Kootstra
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2016; van der Meer and Reeskens 2020; Reeskens and van der Meer 2019)." By
experimentally disentangling immigration status and ethnic background while holding
the other dimensions of deservingness constant, these studies on welfare deserving-
ness imply that immigrants are regarded as less deserving of welfare partly because
of a perceived lack of reciprocity to the welfare system stemming from their limited
time in the country but also because of their ethnic background. Thus, there is racism-
driven welfare chauvinism proper and reciprocity-motivated welfare chauvinism

against immigrants.

Recent focus group research emphasizes that the different dimensions of deserv-
ingness should not be regarded as working independently from one another (Nielsen,
Frederiksen, and Larsen 2020). Some experimental studies indeed investigate joint
interaction effects of the different deservingness dimensions. That is, they test whether
reciprocity-motivated and racism-driven welfare chauvinism reinforce each other, or
whether ethnic minorities face extra penalties for failing on one of the other dimensions
of deservingness. The latter may be regarded as indicative about the importance of
stereotypes, under the assumption that ethnic minorities face extra penalties because
certain shortfalls are regarded as symptomatic for them but exceptional for main-
stream majority members. Extra penalties may then be motivated as sanctioning eth-
nic minorities into assimilating to the perceived norm among the mainstream. The find-
ings do not paint a clear picture. Kootstra (2016) reports that ethnic minorities are
indeed regarded as even less deserving if they have recently immigrated (but see Ford
2016), and also that a shorter work history (another indicator of reciprocity) is a
stronger liability for such minorities. Her experiment further suggests ethnic minorities
face extra penalties for showing little effort to find new employment. This finding is also
supported by Reeskens and van der Meer (2019), although they do not find an extra
ethnic penalty for their second indicator of responsibility, unemployment due to poor

work ethos. Regarding healthcare chauvinism during the COVID-19 pandemic in

" A related line of survey experimental work demonstrates that majority members support for universal
welfare policies declines if typical benefits claimants are portrayed as immigrants (Bay, Finseraas, and
Pedersen 2016; Bay and Pedersen 2006; Goerres, Karlsen, and Kumlin 2020), which parallels US re-
search on welfare being “coded” as Black (DeSante 2013; Fox 2004; Gilens 1996; Winter 2006). There
is also experimental work on which immigrants are regarded as deserving citizenship (Hainmueller,
Hangartner, and Yamamoto 2015), permanent residence (Czymara and Schmidt-Catran 2017), entry
to a country (Diehl, Hinz, and Auspurg 2018), and which refugees are seen as deserving asylum
(Bansak, Hainmueller, and Hangartner 2016; Hager and Veit 2019). However, these studies do not
need to ensure comparability between vignettes describing immigrants as compared to co-ethnic and
native born persons.



particular, Larsen and Schaeffer's (2020) survey experiment on who deserves hospital
care reveals no blatant racism against Danish born Muslims but suggests that recent
immigrants are regarded as less deserving of hospital treatment — especially if they

have a Muslim name.?

However, one gap in the previous experimental literature on welfare chauvinism is
that, to the best of our knowledge, the deservingness dimension of stereotypes about
(anti-)social behavior towards society has so far been neglected — unless one regards
the effort and poor work ethos treatments as also indicative of this dimension. Yet, it
has not explicitly been held constant or randomized. We can therefore not exclude
that the general findings about reciprocity-motivated and racism-driven welfare chau-
vinism are partly driven by stereotypes about immigrants and ethnic minorities as be-
ing anti-social towards society, nor do we know whether ethnic minorities face extra

penalties for such antisocial behavior.

Vaccination Chauvinism During the COVID-19 Pandemic in Denmark?

The Danish COVID-19 vaccination program is a particularly well-suited case to study
welfare chauvinism and the role of stereotypes about anti-social behavior towards so-
ciety. Denmark does not only represent the social-democratic (i.e., Nordic) welfare
regime with a national healthcare system that offers universal coverage to its resi-
dents, but also has a recent history of introducing welfare chauvinistic policies, which
are arguably particularly targeted at Muslim immigrants.

Denmark is a social-democratic welfare regime (Esping-Andersen 1990) and thus
represents the comprehensive welfare state which scholars and pundits who discuss
welfare and immigration typically have in mind. As a strongly intervening state, Den-
mark regulates its labor market by participating as a mediator in the public bargaining
negotiations between unions and employer associations and provides universal and
generous welfare, especially to families with children. It finances this regime via high
redistributive taxes and strong incentives for full employment — among all genders

(Schroder 2019). The national healthcare system, which offers equal and generally

2 In a recent webinar on “Experimental research on popular attitudes toward the COVID-19 pan-
demic” organized by Carlo Knotz and Flavia Fossati, several authors presented related findings accord-
ing to which immigrants are regarded as less deserving of hospital care or an early vaccination. Yet,
the presented studies do not disentangle immigrant status from ethnic background and stereotypes
about these minorities.



free access to all residents of Denmark, is a cornerstone of this welfare regime. During
the COVID-19 pandemic, the healthcare system not only guarantees free and equal
medical treatment, but also has one of the world’s highest COVID-19 testing rates
thanks to its free of charge COVID-19 testing centers (Hasell et al. 2020). The Danish
COVID-19 vaccination program is also free of charge and according to the Danish
Health Authority prioritizes target groups to minimize death and severe illness, the
spread of infection, and ensure key societal functions.3

Nevertheless, welfare chauvinism has made its way into Danish public opinion and
politics over the past decades (Bay, Finseraas, and Pedersen 2013). Among other
things, welfare benefits have been cut by half for refugees and recent immigrants with
the declared goal to incentivize fast employment and self-sufficiency. Several of these
policy reforms are arguably targeted at Muslims. The 225 hour rule, for example de-
mands each partner in a union to have worked for at least 225 hours over the past
twelve months so that each can receive full welfare benefits (Jergensen and Emerek
2014). This policy affected Muslim families in particular, because of the low labor force
participation rates among Muslim women. Muslims, who make ca. 5% of the Danish
population (Jacobsen 2015; Jacobsen and Vinding 2019), also stand center stage in
public discourse (Rytter and Pedersen 2014). In Denmark, with its strong emphasis
on free speech and gender equality, the conflict following the Muhammad caricatures
of Jyllands-Posten (Sniderman et al. 2014), the low employment rates among Muslim
women (Caswell, Kleif, and Jensen 2008), or recent reports of Sharia courts discrimi-
nating women (Kamil and Pramming 2016) have continuously fueled a controversial
discourse, portraying Muslims as antisocial free riders that benefit from welfare over-
proportionally while maintaining patriarchic family structures. The outbreak of the
COVID-19 pandemic is no exception to this. So called non-Western immigrants, the
majority of which are Muslims, have been criticized in news articles for their overrepre-
sentation in hospitalizations (DR news 2020) and singled out as anti-social and irre-
sponsible after an early COVID-19 outbreak in Arhus following two funerals (Birk
2020).

3 https://www.sst.dk/en/English/Corona-eng/Vaccination-against-COVID-19
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Hypotheses

In summary, we discussed the five dimensions of deservingness theory and the recent
survey experimental literature testing it as an explanation of welfare chauvinism. We
noted the gap that prior research does not explicitly engage with the dimension of
stereotypes about anti-social behavior and whether ethnic minorities face extra penal-
ties for such behavior. We then introduced the case of the Danish COVID-19 vaccina-
tion as a well-suited case to study these ideas that overcomes a limitation of prior
research. Based on these considerations, we formulated overall fifteen directed hy-
potheses in our publicly accessible pre-registration.# For reasons of brevity, we only

summarize those with a focus on welfare chauvinism here.

First, if concerns about reciprocity (i.e., low prior contributions to the welfare system)
drive deservingness, then persons who have immigrated to Denmark only one year
ago are seen as less deserving of an early COVID-19 vaccination than persons who
were born domestically. Second, if racism drives deservingness, then persons with a
typical Muslim name are seen as less deserving of an early COVID-19 vaccination
than persons with a typical Nordic name. Third, if concerns about reciprocity and rac-
ism reinforce each other in a joint effect, then there is an aggravating (negative) inter-
action effect between being a recent immigrant and having a Muslim name. Fourth, if
certain anti-social or irresponsible behaviors are regarded as symptomatic for immi-
grants/Muslims but exceptional for mainstream Danes, then there are aggravating
(negative) interaction effects between being a recent immigrant/having a Muslim name
and having diabetes because of an unhealthy lifestyle or not having followed the social
distancing and mask wearing guidelines in the past half year. Finally, if reciprocity-
driven and racism-motived welfare chauvinism are very strong, then recent immigrants
or persons with a Muslim name are even seen as less deserving if they live up to the
remaining deservingness criteria, that is, have a Nordic name/were born domestically,
have diabetes despite a healthy lifestyle, and followed the social distancing and mask

wearing guidelines closely.

4 https://osf.io/kf32y/?view_only=95c5b7997264456eb91435bd99490e1c
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Data and Methods

To test our hypotheses, we designed a paired-vignette with forced choice online sur-
vey experiment on who should get vaccinated against COVID-19 first.> Compared to
standard single vignette survey experiments, paired-vignette designs have been
shown to generate more valid results (Hainmueller, Hangartner, and Yamamoto 2015).
Our target population were the non-immigrant-origin residents of Denmark during the
final days before and during the first period after the first person was vaccinated in
Denmark on 27 December 2020. Our study thus takes advantage of a unique moment
in time when stakes about who would get access to a vaccine at which point in time
were high. That said, one might be concerned whether this frames our results as less
generalizable. This concern is of course true for any research on special events. How-
ever, Appendix B shows that the main findings do not change over the course of the
study period, and Helbling et al.’s (2021) show that their findings on healthcare chau-
vinism do not even change over the course of a year. We pre-registered our experi-
mental design, hypotheses, sample definition, and estimation strategy on 19 Decem-
ber 2020, two days before data collection started. The pre-registration is openly ac-
cessible on the Open Science Framework.® The Online Supplement to this article con-
tains the raw data as delivered by Epinion on 30 December 2020 and the R code that

replicates our findings and additional results.

Experimental design

Our experimental design started by introducing participants to some brief background
information on the Danish COVID-19 vaccination program, closely echoing information
from the official homepage of the Danish Health Authority (see pre-registration for de-
tails). After the introduction, participants were posed three (pre-treatment) survey
questions about their opinion on getting vaccinated against COVID-19, worries about
possible side-effects, and their expectation of whether the majority of the population
will be vaccinated by the end of June. Appendix B in the Online Supplement shows
that the main findings are robust to excluding respondents who do not wish to get

5 This study was not subject to ethical review. The Research Ethics Committee of our faculty explicitly
states that ethical review is targeted at grant proposals and takes "some months' processing time",
which conflicts with the timely nature of our study. That said, we believe our study lives up to all of the
principles outlined in the Menlo Report (2012): the participants were not sampled among vulnerable
groups, there was informed consent, no deception, participants were surveyed as autonomous agents
about their attitudes, they were not posed to harm, and we did not restrict their autonomy.
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vaccinated, who are very afraid of the vaccine, or who think that the majority of the
population will be vaccinated in the first half of 2021 and may thus not see the imme-
diacy of the problem.

After answering the three questions participants were prompted to a second page,
which explained the immediacy of the situation given the initially limited numbers of
doses and then introduced the respondents to the paired-vignette choice task follow-
ing on the upcoming three pages. On each of the following three pages, the partici-
pants were then shown two brief vignettes of above-mentioned diabetes patients and
asked to choose which one of the two, they think should get vaccinated first:

“We would like to ask you, who of these two persons you think should get vac-
cinated first?

[Name] is 55 years old and works as a cashier in a supermarket. He [Length of
residence]. Over the past half year, he has [Good citizen] careful to follow the
guidelines on facemask wearing and social distancing. [Name] has diabetes
[Healthy lifestyle].”

The binary answer indicating which of the two profiles was chosen, is our dependent
variable. Our forced choice experiment did not allow the participants to skip the choice
or to answer that they do not know who to choose. By stating that all persons are
diabetes patients with a high risk of facing a severe COVID-19 infection, we held the
deservingness dimension of need constant. The vignettes randomly varied the remain-
ing four dimensions of deservingness theory with two levels each, resultingina 2 x 2
x 2 x 2 (= 16) full factorial design. To ensure proper and orthogonal randomization of
the four treatments, we used block randomization, where participants were randomly
assigned to three out of overall 240 (= 16 * (16 - 1)) equally sized and thus probable
blocks of paired-vignettes. During the course of fieldwork, the block randomization
adopted to survey non-continuation to guarantee equal probability across the blocks
and thus orthogonality of the treatment conditions in the final sample.

We randomly varied the vignettes in the following ways. First, we followed the ex-
ample of Larsen and Schaeffer (2020) and altered the persons names as typical Mus-
lim or Nordic and their length of residence in Denmark as either “was born in Denmark”

or “has lived in Denmark for one year”. In line with prior research, these two treatment
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dimensions are meant to measure the ethnic background and reciprocity dimension of
deservingness theory, respectively. For the name treatment, we use a randomized
pool of three names per level to avoid estimating a name-specific instead of a general
ethnic background effect. Again following Larsen and Schaffer (2020) who selected
names based on frequency in the Danish population, the names were Jgrgen, Hans,
and Erik as compared to Mustafa, lbrahim, and Ahmad.® We further introduced two
new treatments. Like Reeskens et al. (2021), who do not focus on welfare chauvinism
however, we vary whether the person has lived up to COVID-19 guidelines. But in
contrast to their treatment about abstaining from an international holiday trip to Barce-
lona, we varied whether the person has “not been” or “been very” careful to follow the
guidelines on facemask wearing and social distancing because our goal was to rather
tap into typical stereotypes about Muslims’ and immigrants’ anti-social behavior to-
wards society. Our treatment clearly frames the person as an anti-social free rider who
nevertheless benefits from the huge collective efforts and immense costs to keep the
spread of COVID-19 at bay. Finally, we varied the dimension of responsibility for one’s
situation of need, by explaining that the person has diabetes “despite his healthy life-
style; he does not smoke and exercises regularly” or “because of his unhealthy life-
style; he smokes and does not exercise”. Note that our vignette holds two further im-
portant pieces of information constant. All persons are described as being 55 years of
age and as cashiers in a supermarket. Holding age constant is important because
older people are seen as less deserving of critical healthcare during the pandemic
(Helbling et al. 2021; Larsen and Schaeffer 2020). Holding employment constant is
important because of the higher unemployment rate among Muslims in Denmark so

that ethnic background effects might be intermingled with reciprocity effects.

Sample

The target population of our study were persons of at least 18 years of age, who were
born in Denmark and whose parents were both also born in Denmark, and who lived

in a private home in Denmark during the final days before and after the first person

8 All names were male, because considering gender would have doubled the treatment levels from 16
to 32 and thus resulted in need for a larger sample size. However since Muslim men face harsher labor
market discrimination (Dahl and Krog 2018), we chose the gender that is likely to cause stronger treat-
ment effects. Recently name-based studies have come under critique because minority names may
signal both ethnic but also working class background (Gaddis 2017; Wenz and Hoenig 2020). But be-
cause neither Dahl and Krog (2018) nor Larsen and Schaeffer (2020) find that considering middle and
working class names matters in the Danish context, we kept our design simple.
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was vaccinated in Denmark on 27 December 2020. As part of our pre-registration we
conducted a statistical power analysis for conjoint experiments (Schuessler and
Freitag 2020) and pre-registered a sample of 2,500 respondents. This sample size
implies that we can identify a true treatment effect of 5% with a probability close to
one. Yet when it comes to a true interaction effect of 5%, we can accurately identify it
with a probability of 0.58 (two-tailed) to 0.7 (one-tailed). Overall, 2,514 Participants
were recruited by the survey company Epinion from an ongoing online panel and did
not receive an incentive for their participation. The panelists are a stratified (i.e., by
age, gender, and education) random probability sample from the Danish registers. The
data contains post-stratification weights to further ensure representativity. Data collec-
tion started on 21 December 2020 and was finalized on 30 December. To alleviate the
concern of so-called survey speeders, Epinion removes the top 2.5% fastest respond-
ents from the sample before data delivery. In addition to this, Appendix C of the Online
Supplement analyses response times and demonstrates that the results are by and
large robust to the excluding of very fast and very slow respondents.

Estimation strategy

Our goal is to identify average marginal component (interaction) effects for the four
profile attributes. Because these are equivalent to OLS estimates (Egami and Imai
2019; Hainmueller, Hopkins, and Yamamoto 2014), we use post-stratification
weighted OLS regression with robust standard errors clustered on the respondent
level (because of the repeated choice tasks) to analyze the data. To identify average
marginal component effects, we estimate a model without any interaction effects. To
identify average marginal component interaction effects, we estimate single models
testing one interaction effect at a time, resulting in five further models. The data also
contain information on respondents’ socio-demographic characteristics: gender, age,
education, region, number of persons in the household, and the day of their interview.
Appendix D in the Online Supplement shows that these variables are balanced across
the treatment conditions. Their consideration in the regression models does not alter
the results. Since the experimental data and the socio-demographics contain no miss-

ing values, there is no need to impute values or delete cases.
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Results

Are recent immigrants and Muslim minorities regarded as less deserving of critical
access to preventive healthcare amid the COVID-19 pandemic? Figure 1 shows the
average marginal effects of the four treatment dimensions of our paired-vignette ex-
periment, which holds the situation of need constant and disentangles the two minority
statuses from one another as well as from stereotypes about anti-social and irrespon-
sible behaviors. With regards to our initially-raised question, we first see that — all else
being equal — having a Muslim name indeed lowers one’s probability by 4.6% to be
seen as deserving an early COVID-19 vaccination. Albeit being by far the smallest
effect, one should keep in mind that this finding is triggered simply by a Muslim rather
than a Nordic name, as potential stereotypes about unemployment, anti-social and
irresponsible behavior, and time in spent in Denmark are held constant. This finding
thus suggests that blatant racism partly drives considerations about healthcare de-
servingness. Reciprocity-driven chauvinism is stronger, as indicated by our finding that
recent immigrants face considerably more resentment. Compared to those born in
Denmark, recent immigrants are 13.6% less likely to be regarded as deserving an
early COVID-19 vaccination. These two findings confirm our pre-registered hypothe-
ses about racism-driven and reciprocity-motivated healthcare chauvinism. Exploratory
analyses reported in Appendix E in the Online Supplement suggest that racist-driven
healthcare chauvinism against Muslims is more pronounced among the less educated
and among men, while reciprocity-motivated healthcare chauvinism against recent im-

migrants is more pronounced among women. We find no effect heterogeneity by age.
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Figure 1: Average marginal component effects on who should get vaccinated first
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Note: Average marginal component effects and associated 90 and 95% (two-tailed) confidence intervals based on post-stratification weighted OLS regression
with cluster-robust standard errors. Full regression results are shown in Appendix A Table 1 of the Online Supplement.

Figure 1 contains two further noteworthy findings, which are perfectly in line with
deservingness theory. Patients having diabetes because of their unhealthy lifestyle
and who are thus at least partially responsible for facing an increased risk of a severe
COVID-19 infection, are regarded as less deserving of an early COVID-19 vaccination.
Yet with an effect size of 21%, the by far strongest factor affecting deservingness is
whether the patient has followed the guidelines on facemask wearing and social dis-
tancing — a rather noteworthy finding given that the dimension of (anti-)social behavior
has been largely neglected in prior work. This raises the important question, whether
Muslims and recent immigrants face over-proportional resentment if they show these
forms of anti-social and irresponsible behavior? As elaborated in our theory section,
there is good reason to believe that recent immigrants and Muslims are penalized
more harshly, if anti-social or irresponsible behaviors are regarded as symptomatic for

immigrants or Muslims.

Figure 2 visualizes interaction effects of the four treatment dimensions and thus
answers the raised question. Overall, the evidence is not strong. First, we see that a
prior finding of Larsen and Schaffer (2020; see also Kootstra 2016) does not replicate.

In contrast to their survey experiment on hospital care, having a Muslim name does
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not amplify the effect of having recently immigrated and vice versa. We thus cannot
re-confirm that racism-driven and reciprocity-motivated chauvinism reinforce each
other when it comes to the question of who deserves early vaccination. Yet, we do find
some evidence of extra ethnic and immigrant penalties for anti-social and irresponsible
behavior respectively. Recent immigrants face an extra 3% penalty for having an un-
healthy lifestyle as compared to those born domestically. This finding may reflect con-
cerns over healthcare tourism, that is, the fear physically vulnerable immigrants could
take residence in Denmark with its generous and universal (national) healthcare sys-
tem (cf., Hjorth 2016). By comparison, Muslims face a 3.3% extra penalty for not hav-
ing followed facemask wearing and social distancing guidelines compared to diabetes
patients with a Nordic name. This finding in turn may reflect stereotypes about Muslims
as anti-social free riders. Note however that both findings only pass conventional lev-
els of statistical significance because they test pre-registered and directed hypotheses
(Punhealthy lifestyle, two-tailed = 0.0914  Versus  puynnealthy lifestyle, one-tailed = 0-0457, and
PGuidelines, two-tailed = 0.0591 VErsus  peyidelines, one-tailed = 0.0296). Moreover, while it
seems plausible that immigrants wake fears of healthcare tourism while anti-social
behavior is seen as symptomatic among Muslims, one should be patient whether ad-
hoc we would not have seen the opposite pattern as plausible, too. We thus consider
the assumption of extra penalties as tentatively confirmed but also of needing further

investigation.
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Figure 2: Average marginal component interaction effects on who should get vaccinated first
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Note: Average marginal component interaction effects and associated 90 and 95% (two-tailed) confidence intervals based on post-stratification weighted OLS regression
with cluster-robust standard errors. Full regression tables are shown in Appendix A Table 2 of the Online Supplement.

Our findings of extra penalties, although tentative, raise the final question of the
consistency of blatant racism and reciprocity-motivated chauvinism. That is, if we con-
dition on the sub-population of patients who should be deserving because of their
healthy lifestyle or because they have followed the guidelines, do we still observe rac-
ism-driven and reciprocity motivated healthcare chauvinism? The top panel of Figure
3 visualizes estimates of the deservingness gap that Muslims and immigrants face
under all conditions that should frame them as deserving of an early vaccination. The
bottom panel extends this analysis to all combinations of these favorable conditions.’
The top panel reports the results of a pre-registered confirmatory and the bottom panel
of an exploratory analysis. While Figure 2 tells us about extra penalties, Figure 3
teaches us the sobering lesson that recent immigrants are systematically regarded as
less deserving of an early vaccination, regardless of whether we zoom in on those
who fulfill any or several of the other deservingness dimensions. The same basically
holds for Muslims, with the single exception of native-born Muslims who have carefully

followed the social distancing guidelines; they do not face a systematic deservingness

" Note that we refrained from estimating the four-way interaction between all components because
statistical power is already quite low for the three-way interactions.
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gap to native born patients with a Nordic name who also has followed the guidelines.
Overall, we find consistent evidence of both blatant racism-driven and reciprocity-
driven healthcare chauvinism even when we focus on patients fulfilling other deserv-
ingness criteria, such as being native-born, having a Nordic name or being a socially
minded patient with a responsibly healthy lifestyle.

Figure 3: Average marginal component main effects on who should get vaccinated first
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Note: Average marginal component interaction effects and associated 90 and 95% (two-tailed) confidence intervals based on post-stratification weighted OLS regression
with cluster-robust standard errors. Full regression tables are shown in Appendix A Table 2 of the Online Supplement.

Conclusion

Our paired-vignette experiment affirms systematic welfare chauvinism among the pop-
ulation of a comprehensive Nordic welfare state. All else being equal, non-immigrant
origin Danes regard diabetes patients with a Muslim name or who have recently im-
migrated as less deserving of an early vaccination against a likely severe COVID-19
infection. These results are very persistent and even hold if we focus on the subset of
vignettes describing socially minded patients with a responsibly healthy lifestyle who
were born domestically or have a Nordic name respectively. Moreover, we find sug-
gestive evidence that Muslims are further penalized if they have not followed facemask
wearing and social distancing guidelines, while immigrants face extra penalties if their

unhealthy lifestyle is partly responsible for their diabetes. These results suggest that
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in addition to racist-driven and reciprocity motivated welfare chauvinism, stereotypes
about Muslims being symptomatically antisocial free riders and immigrants engaging

in healthcare tourism seem to matter, too.

Our results are noteworthy because they attest welfare chauvinism proper with re-
spect to the arguably most important measure of preventive public healthcare amid a
pandemic. In addition to its timely and socially significant nature, our experiment is
furthermore situated in an ideal-typical welfare state and focuses on a minority popu-
lation that stands center stage in public discourse on welfare burdens. At the same
time, one should mention that the unique focus on chauvinism against preventive
healthcare during a pandemic also means that our results do not easily generalize to
other welfare policies typically studied. Our theoretical albeit empirically untested claim
is: if we observe chauvinism even in these dire times and for this specific scenario, it
is a pervasive public opinion that falls short of the equality guaranteed by democratic
institutions and debunks justifications of chauvinistic policies as furthering integration

as lip service.

Our study also contributes to research on welfare chauvinism by disentangling Mus-
lim and immigrant minority status from stereotypes about unemployment as well as
irresponsible and especially anti-social behavior. Particularly the latter has been ne-
glected in prior research but figures as a decisive dimension in our study. Moreover,
our investigation of extra penalties for these behaviors advances recent attempts to
study the joint effects of different deservingness dimensions. That said, not only is our
evidence on these joint effects somewhat frail and needs further investigation, we also
cannot replicate the prior finding that ethnic background and immigrant status reinforce
each other (Kootstra 2016; Larsen and Schaeffer 2020). This suggests that both re-
search on welfare chauvinism and deservingness theory might benefit from further
explicating reinforcing joint effects and their scope conditions; an insight echoed in two
recent and independent focus group analyses on the topic (Laenen et al. 2019; Nielsen
et al. 2020). But it also shows the need for replication and meta-analyses.
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Introduction - Read Me

This online supplement contains results of our main and additional analyses as well as the R code that
produces these results based on the raw data that is also part of the online supplement. If you are
interested in the results and maybe also in skimming the R code that generates them, you can simply go
through this document.

If you wish to replicate the results themselves and maybe alter the R code, you will need to work with the
“WhoShouldGetVaccinatedFirst_ Analysis And_ Supplements.Rmd” file. To use the Rmd replication file,
you need a working version of R (see detailed session info under “Setup” below), RStudio, RMarkdown and
Latex. To install RMarkdown and Latex, use the following code after you have installed R and RStudio:

install.packages(c('rmarkdown', 'tinytex'), dep = TRUE)
tinytex::install_tinytex() # install TinyTeX

All mentioned software packages are open source, free to use and available for Windows, Mac Os,
and Unix operating systems. Once you have installed these, please open RStudio and establish
an RStudio project in the unzipped file directory that contains the “WhoShouldGetVaccinated-
First_ Analysis_ And_ Supplements.Rmd” and “03Delivery_ VaccineDeservingness_ 20201230Final.rds”
files. For further information on Rstudio projects and how to set them up, please refer to R for Data
Science, Chapter 8.

After having set up the RStudio project, you will find all necessary files under the “Files” tab in Rstudio.
Open the file “WhoShouldGetVaccinatedFirst_ Analysis_ And_ Supplements.Rmd” by clicking on it under
the “Files” tab. The file should open in the top left panel. Rstudio will automatically notify you about
all user-written packages that the analysis relies on and that you have not yet downloaded and installed.
Please click on “install”. To replicate the whole analysis, simply click on “Knit”, just below the file tab
of the top left panel showing the Rmd file. If you want to alter the R code, you can work on the single
R-snippets. For more information on how to edit Rmd files and R snippets see R for Data Science, Chapter
27.


https://r4ds.had.co.nz/workflow-projects.html
https://r4ds.had.co.nz/workflow-projects.html
https://r4ds.had.co.nz/r-markdown.html
https://r4ds.had.co.nz/r-markdown.html

Appendix A: Replication code

Setup

In order to perfectly reproduce our results, you might need to ensure that you use the same versions of R
and of the R-packages we used. The session info at the bottom of this code chunk provides all necessary
information.

# Libraries

library(tidyverse) ## Data management and cleaning
library(estimatr) ## OLS with robust SE
library(texreg) ## Publication-ready regression tables
library(ggplot2) ## Visualization

library(ggpubr) ## Add several ggplots together
library(car) ## Outlier detection

library(gtsummary) ## Stratified summary statistics

# Show session info on used packages and versions

sessionInfo()

## R wversion 4.0.3 (2020-10-10)

## Platform: x86_64-apple—darwinl7.0 (64-bit)

## Running under: macOS Big Sur 10.16

##

## Matriz products: default

## BLAS:  /Library/Frameworks/R. framework/Versions/4.0/Resources/lib/libRblas.dylib
## LAPACK: /Library/Frameworks/R.framework/Versions/4.0/Resources/1ib/1ibRlapack.dylid
##

## locale:

## [1] en_US.UTF-8/en_US.UITF-8/en_US.UITF-8/C/en_US.UTF-8/en_US.UTF-8

##

## attached base packages:

## [1] stats graphics grDevices utils datasets methods  base
##

## other attached packages:

## [1] gtsummary_1.3.6 car_3.0-10 carData_3.0-4  ggpubr_0.4.0
## [5] texreg 1.37.5 estimatr_0.30.2 forcats_0.5.0 stringr_1.4.0
## [9] dplyr_1.0.3 purrr_0.3.4 readr_1.4.0 tidyr_1.1.2
## [13] tibble_3.0.5 ggplot2_ 3.3.3  tidyverse_1.3.0

##

## loaded via a namespace (and not attached):

##  [1] httr_1.4.2 jsonlite_1.7.2 splines_4.0.3

## [4] modelr_0.1.8 Formula_1.2-4 assertthat_0.2.1

## [7] cellranger_1.1.0 yaml_2.2.1 pillar_1.4.7

## [10] backports_1.2.1 lattice_0.20-41 glue_1.4.2

## [13] digest_0.6.27 ggsignif_0.6.0 rvest_0.3.6

## [16] colorspace_2.0-0 sandwich_3.0-0 htmltools 0.5.1.1

## [19] Matriz_1.3-2 pkgconfig 2.0.3 broom_0.7.3

## [22] haven 2.3.1 ztable_1.8-4 mutnorm_1.1-1

## [25] scales_1.1.1 openzlsr_4.2.3 rt0_0.5.16

## [28] emmeans_1.5.3 generics_0.1.0 usethis_2.0.0

## [31] ellipsis_0.3.1 TH.data_1.0-10 withr 2.4.1



## [34] cli_2.2.0

survival_3.2-7

magritir_2.0.1

## [37] crayon_1.3.4 readzl_1.3.1 estimability 1.3
## [40] evaluate_0.14 fs_1.5.0 fansi_0.4.2

## [43] broom.helpers_1.1.0 MASS_7.3-53 foreign_0.8-81

## [46] rstatiz 0.6.0 zml2_1.3.2 data.table_1.13.6
## [49] tools_4.0.3 hms_1.0.0 lifecycle_0.2.0

## [62] multcomp_1.4-15
## [65] zip_2.1.1

munsell_0.5.0
compiler_4.0.3

reprer_1.0.0
rlang_0.4.10

## [68] grid_4.0.3 gt_0.2.2 rstudioapi_0.13
## [61] rmarkdown_2.6 gtable_0.3.0 codetools_0.2-18
## [64] abind_1.4-5 DBI 1.1.1 curl_4.3

## [67] R6.2.5.0 z0o_1.8-8 lubridate_1.7.9.2
## [70] knitr_1.30 stringi_1.5.3 Repp_1.0.6

## [73] wvetrs_0.3.6 dbplyr_2.0.0 tidyselect_1.1.0
## [76] xfun_0.20 coda_0.19-4

Data preparation

The code below details how we reshape the delivered raw data to a long data file where each single vignette
is a case alongside an outcome variable indicating whether the respondent selected this vignette to get
vaccinated first. Thus we turn the wide data of 2,514 respondents into a long data set of 15,084 vignettes,
each of which is embedded in a paired vignette choice with one other vignette and in a respondent with
six other vignettes. After that we recode the variables to numeric or factor variables with English labels.
All recodings are in line with our the analysis plan stated in our pre-registration [LINK].

# Read the data, make an id, ensure sample definition, and select wvariables:

Vac_data_wide <- readRDS(file = "O3Delivery_VaccineDeservingness_20201230Final.rds") %>%

rowid_to_column(., "id") %>} ## generate a respondent ID,
## Ensure sample definition,
filter(Alder > 17 & baggba_2_resp == "Danmark" & baggba_3_resp == "Danmark") %>%

## keep the following wvariables,

select(id, weight, baggl, Alder, Region, uddannelse_det, bagg4, ActualSurveyStartTime, ActualSu
starts_with("ql"), starts_with("VignetteExperiment"),
-ends_with("VersionNumber"), -ends_with("Random")) # finally drop these wariables.

# Reshape to long

## Rename the vignette experiment wvariable to ease the reshape
colnames(Vac_data_wide) <- str_remove(colnames(Vac_data_wide), "VignetteExperiment_ ")
## First reshape: the three tasks per person.
Vac_data_long <- Vac_data_wide %>%
pivot_longer(cols = -c(id, weight, baggl, Alder, Region, uddannelse_det,
baggd, ActualSurveyStartTime, ActualSurveyEndTime, starts_with('"ql")),
names_to = c("task", ".value"),
names_sep = "_") %>%
## Second reshape: the two vignettes.
pivot_longer(cols = -c(id, weight, baggl, Alder, Region, uddannelse_det,
baggd, ActualSurveyStartTime, ActualSurveyEndTime, starts_with("ql"),
Answer, task),



names_to = c(".value", "vignette"),
names_pattern = "([A-Za-z]+) (\\d+)",
values_drop_na = TRUE)

# Variable recodings
Vac_data_long <- Vac_data_long %>%

mutate(
Answer = case_when( ## The binary outcome, was the vignette chosen?

Answer == "{#Answer2}" & vignette == 1 ~ O,
Answer == "{#Answer2}" & vignette == 2 ~ 1,
Answer == "{#Answerl}" & vignette == 1 ~ 1,
Answer == "{#Answerl}" & vignette == 2 ~ 0),

## The treatments:
LoR = case_when( ### Immigrant,

LoR == "har boet i Danmark i ét ar" ~ "Lives in DK since 1 year",
LoR == "er fgdt i Dammark" ~ "Born in DK") %>% factor(),
Name = case_when( ### Muslim name,
Name == "1" ~ "Muslim name",
Name == "2" ~ "Danish/Nordic name") %>% factor(),
Duty = case_when( ### followed the soctal distancing guidelines,
Duty == "varet meget" ~ "Followed guidelines carefully",
Duty == "ikke varet" ~ "Did not follow guidelines") %>% factor() %>%

fct_relevel("Followed guidelines carefully", "Did not follow guidelines"),
Health = case_when( ### and healthy lifestyle.
Health == "pd trods af sin sunde livsstil; han <b>ryger ikke og dyrker regelm®ssigt motion<
Health == "p& grund af sin usunde livsstil; han <b>ryger og dyrker ikke motion</b>" ~ "Unhe
## Socto-demographic controls
Gender = case_when( ### Gender
baggl == "Mand" ~ "Male",
baggl == "Kvinde" ~ "Female") %>% factor(),
Age = scale(Alder) >} as.numeric(), ### Age, z-standardized
Education = case_when( ### Education: Primary, secondary, tertiary.

uddannelse_det == "Folkeskole / Grundskole" ~ "Primary",

uddannelse_det == "Gymnasial uddannelse (Student, HF, HH, HTX og lign.)" |
uddannelse_det == "Erhvervsuddannelse" |
uddannelse_det == "Kort videregdende uddannelse" ~ "Secondary",

uddannelse_det == "Lang videregdende uddannelse (Kandidat niveau)" |
uddannelse_det == "Mellemlang videregdende uddannelse (Bachelor niveau)" ~ "Tertiary") %>

factor() >% fct_relevel("Primary", "Secondary", "Tertiary"),

Pers_HH = case_when( ### Number of persons in the household, z-standardized

baggd == "1 person" ~ 1,

baggd == "2 personer" ~ 2,

baggd == "3 personer" ~ 3,

baggd == "4 personer" ~ 4,

baggd == "b personer" ~ 5,

baggd == "6 personer eller derover" ~ 6) %>}, scale() %>% as.numeric(),

## Day of the interview
Day = as.Date(ActualSurveyEndTime),



## Survey response time

Responsetime = as.numeric(ActualSurveyEndTime-ActualSurveyStartTime),
## Pre-treatment opinions on vaccine.

ql_1_resp = case_when( ### Want to get waccinated.

ql_1_resp == "1 - Helt enig" ~ 5,
ql_1_resp == "2" ~ 4,
ql_1_resp == "3" ~ 3,
ql_1_resp == "4" ~ 2,
ql_1_resp == "5 - Helt uenig" ~ 1,

TRUE ~ as.numeric(NA)),
ql_2_resp = case_when( ### Afraid of side-effects.

ql_2_resp == "1 - Helt enig" ~ 5,
ql_2_resp == "2" ~ 4,
ql_2_resp == "3" ~ 3,
ql_2_resp == "4" ~ 2,
ql_2_resp == "5 - Helt uenig" ~ 1,

TRUE ~ as.numeric(NA)),
ql_3_resp = case_when( ### Believe majority will be vaccinated until June.

ql_3_resp == "1 - Helt enig" ~ 5,
ql_3_resp == "2" ~ 4,
ql_3_resp == "3" ~ 3,
ql_3_resp == "4" ~ 2,
ql_3_resp == "5 - Helt uenig" ~ 1,

TRUE ~ as.numeric(NA)))

Regression analysis

To analyze the experimental data, we run post-stratification weighted OLS (i.e., linear probability)
regression with robust standard errors. Specifically, we run two models. A baseline specification entails no
control variables and the second specification adds control variables. The results are virtually the same.
The figures displayed in the main article are all based on the baseline model.

## Simple OLS

Modl <- 1m_robust(
data = Vac_data_long,
formula = Answer ~ LoR + Name + Duty + Health,
clusters = id, weights = weight)

## OLS with controls

Modl contr <- 1lm_robust(
data = Vac_data_long,
formula = Answer ~ LoR + Name + Duty + Health +

Gender + Age + Region + Education + Pers_HH + Day,

clusters = id, weights = weight)

# 2. "Ezxtra penalties": AMCIEs



## Simple OLS
Mod2_H5 <- 1m_robust(
data = Vac_data_long,
formula = Answer ~ LoR*Name + Duty + Health,
clusters = id, weights = weight)
Mod2_H6 <- 1lm_robust(
data = Vac_data_long,
formula = Answer ~ LoR*Health + Name + Duty,
clusters = id, weights = weight)
Mod2 H7 <- 1m_robust(
data = Vac_data_long,
formula = Answer ~ LoR + Name*Health + Duty,
clusters = id, weights = weight)
Mod2 H8 <- 1m_robust(
data = Vac_data_long,
formula = Answer ~ LoR*Duty + Name + Health,
clusters = id, weights = weight)
Mod2_H9 <- 1m_robust(
data = Vac_data_long,
formula = Answer ~ LoR + Name*Duty + Health,
clusters = id, weights = weight)
## OLS with controls
Mod2 H5 contr <- 1lm_robust(
data = Vac_data_long,
formula = Answer ~ LoR*Name + Duty + Health +
Gender + Age + Region + Education + Pers_HH

clusters = id, weights = weight)
Mod2_H6_contr <- 1lm_robust(
data = Vac_data_long,
formula = Answer ~ LoR*Health + Name + Duty +
Gender + Age + Region + Education + Pers_HH
clusters = id, weights = weight)
Mod2_H7_contr <- 1lm_robust(
data = Vac_data_long,
formula = Answer ~ LoR + Name*Health + Duty +
Gender + Age + Region + Education + Pers_HH
clusters = id, weights = weight)
Mod2 H8 contr <- 1lm_robust(
data = Vac_data_long,
formula = Answer ~ LoR*Duty + Name + Health +
Gender + Age + Region + Education + Pers_HH
clusters = id, weights = weight)
Mod2 H9 contr <- 1lm_robust(
data = Vac_data_long,
formula = Answer ~ LoR + Name*Duty + Health +
Gender + Age + Region + Education + Pers_HH
clusters = id, weights = weight)

Day,

Day,

Day,

Day,



# 3. "When equal?": Additional exploratory results

## Additional exploratory simple OLS models

Mod3_a <- 1lm_robust(
data = Vac_data_long,
formula = Answer ~ LoR*Name*Duty + Health,
clusters = id, weights = weight)

Mod3_b <- 1m_robust(
data = Vac_data_long,
formula = Answer ~ LoR*Name*Health + Duty,
clusters = id, weights = weight)

Mod3_c <- 1m_robust(
data = Vac_data_long,
formula = Answer ~ LoR*Duty*Health + Name,
clusters = id, weights = weight)

Mod3_d <- 1m_robust(
data = Vac_data_long,
formula = Answer ~ LoR + Name*Duty+*Health,
clusters = id, weights = weight)

## Additional exploratory OLS models with controls

Mod3_a_contr <- 1lm_robust(
data = Vac_data_long,
formula = Answer ~ LoR*Name*Duty + Health +
Gender + Age + Region + Education + Pers_HH + Day,
clusters = id, weights = weight)

Mod3_b_contr <- 1m_robust(
data = Vac_data_long,
formula = Answer ~ LoR*Name*Health + Duty +
Gender + Age + Region + Education + Pers_HH + Day,
clusters = id, weights = weight)

Mod3_c_contr <- 1lm_robust(
data = Vac_data_long,
formula = Answer ~ LoR*Duty*Health + Name +
Gender + Age + Region + Education + Pers_HH + Day,
clusters = id, weights = weight)

Mod3_d_contr <- 1lm_robust(
data = Vac_data_long,
formula = Answer ~ LoR + Name*Duty*Health +
Gender + Age + Region + Education + Pers_HH + Day,
clusters = id, weights = weight)

Regression tables

In the main article we report all results as coefficient plots. These have the advantage of giving a much
more immediate impression of the main results and they are thus more accessible to a wide audience of
readers. But since some might be interested in the figures of the point and inference estimates, we report
standard regression tables here.

# 1. "Average effects": AMCE



texreg/(

list(Modl, Modl contr),

include.ci = FALSE, include.rmse = FALSE, digits = 3,

doctype = FALSE, stars = c(0.001, 0.01, 0.05, 0.1), symbol = "+",

custom.coef .names = c("(Intercept)", "Lives in DK for 1 year", "Muslim name",
"Did not follow social distancing guidelines",
"Has diabetes because of an unhealthy lifesyle",
"Male", "Age", "Midtjylland", "Nordjylland",
"Sjzelland", "Syddanmark", "Upper secondary", "Tertiary",
"Number of persons in the household",
"Day of survey"),

groups = list("Treatments" = 2:5, "Region (reference: Hovedstaden)" = 8:11,
"Education (reference: Primary or less)" = 12:13),
caption = "Average marginal component effects on who should get vaccinated first",

caption.above = TRUE)

# 2. "Exztra penalties": AMCIEs

## Simple OLS
texreg(
list(Mod2_H5, Mod2_H6, Mod2_H7, Mod2_H8, Mod2_H9),
include.ci = FALSE, include.rmse = FALSE, digits = 3,
doctype = FALSE, stars = c(0.001, 0.01, 0.05, 0.1), symbol = "+",
custom.coef .names = c("(Intercept)", "Lives in DK for 1 year", "Muslim name",
"Did not follow social distancing guidelines",
"Has diabetes because of an unhealthy lifesyle",
"Lives in DK for 1 year * Muslim name",
"Lives in DK for 1 year * has diabetes because of an unhealthy lifesyle",
"Muslim Name * has diabetes because of an unhealthy lifesyle",
"Lives in DK for 1 year * did not follow social distancing guidelines",
"Muslim Name * did not follow social distancing guidelines"),
caption = "Average marginal component interaction effects on who should get vaccinated first",
caption.above = TRUE, sideways = TRUE, use.packages = FALSE, scriptsize = TRUE)

## OLS with controls
texreg(
list(Mod2_H5_contr, Mod2_H6_contr, Mod2_H7_contr, Mod2_H8_contr, Mod2_H9_contr),
include.ci = FALSE, include.rmse = FALSE, digits = 3,
doctype = FALSE, stars = c(0.001, 0.01, 0.05, 0.1), symbol = "+",
omit.coef = "(Male) | (Age) | (RegionMidtjylland) | (RegionNordjylland) | (RegionSjzlland) | (RegionSydda
custom.coef .names = c("(Intercept)", "Lives in DK for 1 year", "Muslim name",
"Did not follow social distancing guidelines",
"Has diabetes because of an unhealthy lifesyle",
"Lives in DK for 1 year * Muslim name",
"Lives in DK for 1 year * has diabetes because of an unhealthy lifesyle",
"Muslim name * has diabetes because of an unhealthy lifesyle",
"Lives in DK for 1 year * did not follow social distancing guidelines",



custom.gof.rows

caption.above = TRUE, sideways

## Simple OLS

"Muslim name * did not follow social distancing guidelines"),

list("Control variables" = c("Yes", "Yes", "Yes", "Yes", "Yes")),
caption = "Average marginal component interaction effects on who should get vaccinated first
TRUE, use.packages = FALSE, scriptsize = TRUE)

in

texreg(list (Mod3_a, Mod3_b, Mod3_c, Mod3_4d),

include.ci = FALSE, include.rmse = FALSE, digits =

doctype = FALSE, stars c(0.001, 0.01, 0.05, 0.1), symbol = "+",

3,

custom.coef .names = c("(Intercept)", "Lives in DK for 1 year", "Muslim name",
"Did not follow guidelines",
"Has an unhealthy lifesyle",

caption

"Lives in DK
"Lives in DK
"Muslim name
"Lives in DK
"Lives in DK
"Muslim name
"Lives in DK

for 1
for 1
* did
for 1
for 1
* has
for 1

year * Muslim name",

year * did not follow guidelines",

not follow guidelines",

year * Muslim name * did not follow guidelines",
year * has an unhealthy lifesyle",

an unhealthy lifesyle",

year * Muslim name * has an unhealthy lifesyle",

"Did not follow guidelines * has an unhealthy lifesyle",
"Lives in DK for 1 year * did not follow guidelines * has unhealthy lifes
"Muslim name * did not follow guidelines * has an unhealthy lifesyle"),

"Average marginal component interaction effects on who should get vaccinated fir

caption.above = TRUE, sideways = TRUE, use.packages = FALSE, scriptsize = TRUE)

## OLS with controls

texreg(list (Mod3_a_contr, Mod3_b_contr, Mod3_c_contr, Mod3_d_contr),

include.ci = FALSE, include.rmse = FALSE, digits =

doctype = FALSE, stars = c(0.001, 0.01, 0.05, 0.1), symbol = "+",

3,

omit.coef = "(Male) | (Age) | (RegionMidtjylland) | (RegionNordjylland) | (RegionSjelland) | (Region
custom.coef .names = c("(Intercept)", "Lives in DK for 1 year", "Muslim name",

"Did not follow guidelines",

"Has an unhealthy lifesyle",

custom.gof.rows
caption

"Lives in DK
"Lives in DK
"Muslim name
"Lives in DK
"Lives in DK
"Muslim name
"Lives in DK

for 1
for 1
* did
for 1
for 1
* has
for 1

year * Muslim name",

year * did not follow guidelines",

not follow guidelines",

year * Muslim name * did not follow guidelines",
year * has an unhealthy lifesyle",

an unhealthy lifesyle",

year * Muslim name * has an unhealthy lifesyle",

"Did not follow guidelines * has an unhealthy lifesyle",

"Lives in DK for 1 year * did not follow guidelines * has unhealthy lifes
"Muslim name * did not follow guidelines * has an unhealthy lifesyle"),
list("Control variables" = c("Yes", "Yes", "Yes", "Yes")),

"Average marginal component interaction effects on who should get vaccinated fir

caption.above = TRUE, sideways = TRUE, use.packages = FALSE, scriptsize = TRUE)
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Table 1: Average marginal component effects on who should get vaccinated first
Model 1 Model 2
(Intercept) 0.743*** 2.159
(0.010) (6.574)

Treatments
Lives in DK for 1 year —0.136""* —0.136***
(0.009) (0.009)
Muslim name —0.046*"*  —0.046***
(0.009) (0.009)
Did not follow social distancing guidelines —0.210***  —0.210***

(0.011)  (0.011)
Has diabetes because of an unhealthy lifesyle —0.096*** —0.096***
(0.010) (0.010)

Male 0.004
(0.002)
Age —0.002"
(0.001)
Region (reference: Hovedstaden)
Midtjylland —0.002
(0.003)
Nordjylland —0.004
(0.004)
Sjeelland —0.000
(0.004)
Syddanmark —0.001
(0.003)
Education (reference: Primary or less)
Upper secondary —0.001
(0.004)
Tertiary 0.002
(0.004)
Number of persons in the household —0.002
(0.001)
Day of survey —0.000
(0.000)
R? 0.075 0.075
Adj. R? 0.074 0.074
Num. obs. 15084 15084
N Clusters 2514 2514

¥ < 0.001; **p < 0.01; *p < 0.05; Tp < 0.1
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Visualization of regression results

In the main article we report the results of our analyses as coefficient plots. Below we display the code
that generates the figures displayed in the main article.

## Generate the plotdata
plotdata <- tidy(Mod1) %>%

filter(term != "(Intercept)") %>%
mutate(
min90 = (estimate - qt(0.95, df) * std.error) * 100,

min95 = (estimate - qt(0.975, df) #* std.error) * 100,
max90 = (estimate + qt(0.95, df) * std.error) * 100,
max95 = (estimate + qt(0.975, df) #* std.error) * 100,

term = case_when(

term == "LoRLives in DK since 1 year" ~ "Lives in DK since 1 year",

term == "NameMuslim name" ~ "Muslim name",

term == "DutyDid not follow guidelines" ~ "Did not follow social \n distancing guidelines",
term == "HealthUnhealthy lifestyle" ~ "Unhealthy lifestyle"),

label_up = round(estimate, digits = 3) * 100,

label_bottom = paste("(", round(estimate + coef (Modl) ["(Intercept)"], digits = 3) * 100,
n)u, sep = ||||),

estimate = estimate * 100)

## Plot
ggplot(data = plotdata,
aes(y = estimate, x = reorder(term, estimate),
ymin = min90, ymax = max90)) +
geom_hline(yintercept = 0, color = "#901A1E", 1ty = "dashed") +

geom_linerange(aes(ymin = min95, ymax = max95), color = "#808080") +
geom_pointrange(size = 0.8) +
geom_text (aes(label = label_up), vjust = -1.2, size = 3) +

geom_text (aes(label = label_bottom), vjust = 2.2, size = 3, color = "#808080") +
scale_y_continuous(breaks = c(-25, -20, -15, -10, -5, 0),
labels = c("-25", "-20", "-15", "-10", "-5",
paste("0 \n (",
round (as.numeric(coef (Mod1) [" (Intercept)"]) * 100, digits =
")", sep = ""))) +
coord_flip() +
labs(x = "",
y = "Difference (in %) to person with reference value
(i.e., healthy lifestyle, Nordic name, born in DK, or followed guidelines)") +
theme_minimal()

## Save Figure 1
# ggsave("Figure_1.pdf", plot = last_plot(), width = 8, height = 4)
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# 2. "Extra penalties": Figure 2

## Generate the plotdata
plotdata <- bind_rows(
tidy (Mod2_H5) [nrow(tidy(Mod2_H5)),],
tidy (Mod2_H6) [nrow(tidy(Mod2_H6)),],
tidy (Mod2_H7) [nrow(tidy(Mod2_H7)),],
tidy (Mod2_H8) [nrow(tidy (Mod2_H8)),],
tidy (Mod2_H9) [nrow(tidy (Mod2_H9)),1) %>%
mutate (
min90 = (estimate - qt(0.95, df) * std.error) * 100,
min95 = (estimate - qt(0.975, df) #* std.error) * 100,
max90 = (estimate + qt(0.95, df) * std.error) * 100,
max95 = (estimate + qt(0.975, df) #* std.error) * 100,
label_up = round(estimate, digits = 3) * 100,
estimate = estimate * 100,
which = case_when(

term == "LoRLives in DK since 1 year:NameMuslim name" ~ "Both",
grepl("Muslim", term) ~ "Muslim name",

TRUE ~ "Lives in DK since 1 year") %>%

factor() %>% fct_relevel("Muslim name", "Lives in DK since 1 year", "Both"),

term = gsub(".*:","" term),
term = case_when(

term == "HealthUnhealthy lifestyle" ~ "Unhealthy lifestyle",
term == "DutyDid not follow guidelines" ~ "Did not follow social \n distancing guidelines",
term == "NameMuslim name" ~ "Native born or \n Nordic name (resp.)") %>%

factor() %>% fct_relevel("Did not follow social \n distancing guidelines", "Unhealthy lifes

## Plot
ggplot(data = plotdata, aes(y = estimate, x = term, shape = which)) +
geom_hline(yintercept = 0, color = "#901A1E", 1ty = "dashed") +

geom_linerange(aes(ymin = min95, ymax = max95), color = "#808080", position = position_dodge (wi
geom_pointrange(aes(ymin = min90, ymax = max90), position = position_dodge(width = 0.7), fill =
scale_shape_manual (name = "", values = c(19, 21, 17)) +

geom_text (aes(label = label_up), position = position_dodge(width = 0.7), vjust = -1.2, size = 3
coord_flip() +

labs(x = "", y = "Extra penalties (in %) for Muslims and recent immigrants") +

theme_minimal() +

theme (legend.position="bottom")

## Save Figure 2
# ggsave("Figure_2.pdf", plot = last_plot(), width = 8, height = 4)

## Generate the plotdata
plotdata <- bind_rows(

tidy (Mod2_H5) %>% filter(term == "NameMuslim name" | term == "LoRLives in DK since 1 year") %>%
tidy(Mod2_H6) %>} filter(term == "LoRLives in DK since 1 year") %>% mutate(model = "Mod2_HE", c
tidy (Mod2_H7) %> filter(term == "NameMuslim name") %>, mutate(model = "Mod2_ H7", condition = "

tidy (Mod2_H8) %>% filter(term =

"LoRLives in DK since 1 year") %>% mutate(model = "Mod2_H8", c
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tidy(Mod2_H9) %>% filter(term == "NameMuslim name") %>’ mutate(model = "Mod2_H9", condition = "

tidy(Mod3_a) %>% filter(term == "NameMuslim name" | term == "LoRLives in DK since 1 year") %>%
tidy(Mod3_b) %>% filter(term == "NameMuslim name" | term == "LoRLives in DK since 1 year") %>%
tidy (Mod3_c) %>% filter(term == "LoRLives in DK since 1 year") %>% mutate(model = "Mod3c", cond
tidy(Mod3_d) %>% filter(term == "NameMuslim name") %>} mutate(model = "Mod3d", condition = "Fol
# tidy(Mod3e) }>) filter(term == "NameMuslim name" | term == "LoRLives in DK since 1 year") }>)
mutate(

term = gsub("LoR","",term),

term = gsub("Name","",term),

min90 = (estimate

qt(0.95, df) * std.error) * 100,

min95 = (estimate - qt(0.975, df) * std.error) * 100,
max90 = (estimate + qt(0.95, df) * std.error) * 100,
max95 = (estimate + qt(0.975, df) #* std.error) * 100,

label_up = round(estimate, digits = 3) * 100,
estimate = estimate * 100,
test = test %>% factor() %>) fct_relevel("Pre-registered", "Exploratory"),
condition = condition %>}, factor() %>’
fct_relevel("Native born or Nordic name (resp.)", "Followed guidelines carefully", "Healthy
"Native born or Nordic name (resp.)\n& followed guidelines carefully",
"Followed guidelines carefully\n& healthy lifestyle",
"Native born or Nordic name (resp.)\n& healthy lifestyle"))
## Plot
ggplot(data = plotdata, aes(y = estimate, x = condition, estimate, shape = term)) +
geom_hline(yintercept = 0, color = "#901A1E", 1ty = "dashed") +

geom_linerange (aes(ymin = min95, ymax = max95), color = "#808080", position = position_dodge(wi
geom_pointrange(aes(ymin = min90, ymax = max90), fill = "white", position = position_dodge(widt
scale_shape_manual (name = "", values = c(21, 19)) +

geom_text (aes(label = label_up), position = position_dodge(width = 0.7), vjust = -1.2, size = 3
coord_flip() +

facet_grid(test ~ ., scales = "free", space = "free") +

labs(x = "", y = "Remaining difference (in ) to native-born or Nordic-named person \nunder var
theme_bw() +

theme (panel.grid.minor = element_line(colour="white"),

legend.box = "vertical",
legend.background = element_rect(fill=NA, color=NA),
legend.key = element_rect(fill =NA, color =NA),
strip.background = element_rect(fill = "#f1f1f1", color = NA)) +
theme (legend.position="bottom")
## Save Figure 3
# ggsave("Figure_3.pdf", plot = last_plot(), width = 10, height = 7)
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Appendix B: Pre-treatment concerns about the COVID-19 vaccination
program

Given the timing of the fieldwork before and after the first person was vaccinated but also with Christmas
in between, one can wonder whether concerns regarding the vaccination program were constant across the
study period. We can directly assess this question because we asked participants after the introduction
to our experiment but before the vignette three questions about their concerns regarding the COVID-19
vaccination program. On a scale running from “Completely disagree (1)” to “Completely agree (5)”. Figure
4 shows that overall Danes are very optimistic about the COVID-19 vaccination program. Very few do
not want to get vaccinated, are concerned about potential side effects, and many were positive that the
majority of the population will have been vaccinated by the end of June already days after the first vaccine
became available in Denmark. Most importantly, however, Figure 4 shows hardly any time trend in the
answers to these questions.

Another concern is whether the results hold when we exclude those do not want to get vaccinated or are
very concerned about side effects. For these people getting vaccinated first is arguably not a good thing. A
related argument can be made for those who were during the first week of the vaccination program already
optimistic that the majority of the population will be able to get the vaccine in the first half of 2021. For
these people, getting vaccinated first might be less relevant. Table and table show results of the average
marginal component effects and average marginal component interaction effects (cf. Figure 1 and Figure 2)
for samples of respondents who do not belong to either of the above three groups. Table replicates all full
sample results. Table by and large replicates the full sample results. The average marginal component
interaction effect between having a Muslim name and not having followed the social distancing and mask
wearing guidelines is of unaltered strength (SReduced sample = 0.034 as compared to Brun sample = 0.033)
but not (marginally) significant anymore.

Finally, we explore whether there is a time trend in the main findings, by interacting the component effect
of having a Muslim name or a recent immigrant status with the (z-standardized) day of the interview. We
do not find exploratory evidence of a statistically significant (at conventional levels) change in the effect
sizes over time.

plotdata <- Vac_data_wide %>’
mutate(
## Day of the interview
Day = as.Date(ActualSurveyEndTime),
## Pre—-treatment opinions on wvaccine.
ql_1_resp = case_when( ### Want to get waccinated.

ql_1_resp == "1 - Helt enig" ~ 5,
ql_1_resp == "2" ~ 4,
ql_1_resp == "3" ~ 3,
ql_1_resp == "4" ~ 2,
ql_1_resp == "5 - Helt uenig" ~ 1,

TRUE ~ as.numeric(NA)),
ql_2_resp = case_when( ### Afraid of side-effects.

ql_2_resp == "1 - Helt enig" ~ 5,
ql_2_resp == "2" ~ 4,
ql_2_resp == "3" ~ 3,
ql_2_resp == "4" ~ 2,
ql_2_resp == "5 - Helt uenig" ~ 1,

TRUE ~ as.numeric(NA)),
ql_3_resp = case_when( ### Believe majority will be vaccinated until June.
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ql_3_resp "l - Helt enig" ~ 5,

ql_3_resp == "2" ~ 4,
ql_3_resp == "3" ~ 3,
ql_3_resp == "4" ~ 2,
ql_3_resp == "5 - Helt uenig" ~ 1,

TRUE ~ as.numeric(NA)))

Want_vaccine <- ggplot(data = plotdata, aes(y = ql_1_resp, x = Day)) +
geom_jitter(aes(size = weight), alpha = 1/10, height = 0.2) +
geom_hline(yintercept = mean(plotdata$ql_1_resp, na.rm = TRUE),

1ty = "dashed", color = "#901A1E") +

geom_smooth(aes(weight = weight)) +
scale_y_continuous(

breaks = 1:5,

labels = c("(1) Completely \n disagree", "2", "3", "4", "(5) Completely \n agree")) +
labs(

title = "I will get vaccinated, once I am offered a COVID-19 vaccine",

x ="', y="") 4+
theme_minimal() +
theme (legend.position = "none", plot.title = element_text(size = 10))

Sideeffects <-ggplot(data = plotdata, aes(y = ql_2_resp, x = Day)) +
geom_jitter(aes(size = weight), alpha = 1/10, height = 0.2) +
geom_hline(yintercept = mean(plotdata$ql_2_resp, na.rm = TRUE),

1ty = "dashed", color = "#901A1E") +

geom_smooth(aes(weight = weight)) +
scale_y_continuous(

breaks = 1:5,

labels = c("(1) Completely \n disagree", "2", "3", "4", "(5) Completely \n agree")) +
labs(

title = "I am worried about the side effects of the COVID-19 vaccines",

x="", y="")+
theme_minimal () +
theme (legend.position = "none", plot.title = element_text(size = 10))

Before_june <- ggplot(data = plotdata, aes(y = ql_3_resp, x = Day)) +
geom_jitter(aes(size = weight), alpha = 1/10, height = 0.2) +
geom_hline(yintercept = mean(plotdata$ql_3_resp, na.rm = TRUE),
1ty = "dashed", color = "#901A1E") +
geom_smooth(aes(weight = weight)) +
scale_y_continuous(
breaks = 1:5,
labels = c("(1) Completely \n disagree", "2", "3", "4", "(5) Completely \n agree")) +
labs(
title = "I expect the majority of the Danish population will be able \n to get a COVID-19 vac
x="", y="")+
theme_minimal() +
theme(legend.position = "none", plot.title = element_text(size = 10))
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ggarrange (Want_vaccine, Sideeffects, Before_june, labels = c("A", "B", "C"), nrow = 3)
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## Simple OLS

Modl_a <- 1lm_robust(
data = Vac_data_long %>/, filter(ql_1_resp > 1),
formula = Answer ~ LoR + Name + Duty + Health,
clusters = id, weights = weight)

Mod1l_b <- 1m_robust(
data = Vac_data_long %>, filter(ql_2_resp < 5),
formula = Answer ~ LoR + Name + Duty + Health,
clusters = id, weights = weight)

Modl_c <- 1m_robust(
data = Vac_data_long %>% filter(ql_3_resp < 5),
formula = Answer ~ LoR + Name + Duty + Health,
clusters = id, weights = weight)

Mod1l_d <- 1m_robust(
data = Vac_data_long %>} filter(ql_1_resp > 1 & ql_2_resp < 5 & q1_3_resp < 5),
formula = Answer ~ LoR + Name + Duty + Health,
clusters = id, weights = weight)

texreg(
list(Modl, Modl _a, Modl b, Modl c, Modl d),
include.ci = FALSE, include.rmse = FALSE, digits = 3,
custom.header = 1list("Original results" = 1, "Excludes those who" = 2:5),
custom.col.pos = c(1, 5),

custom.model.names = c("Full sample", "will not get vaccinated", "are very worried", "are very
doctype = FALSE, stars = c(0.001, 0.01, 0.05, 0.1), symbol = "+",
custom.coef .names = c("(Intercept)", "Lives in DK for 1 year", "Muslim name",

"Did not follow social distancing guidelines",

"Has diabetes because of an unhealthy lifesyle"),
caption = "Average marginal component effects on who should get vaccinated first, excluding tho
caption.above = TRUE, sideways = TRUE, use.packages = FALSE, scriptsize = TRUE)

Mod2 H5 d <- 1m_robust(
data = Vac_data_long %>} filter(ql_1_resp > 1 & ql_2_resp < 5 & q1_3_resp < 5),
formula = Answer ~ LoR*Name + Duty + Health,
clusters = id, weights = weight)

Mod2_H6_d <- 1m_robust(
data = Vac_data_long %>, filter(ql_1 resp > 1 & ql_2_resp < 5 & q1_3_resp < 5),
formula = Answer ~ LoR*Health + Name + Duty,
clusters = id, weights = weight)

Mod2_H7_d <- 1m_robust(
data = Vac_data_long %>% filter(ql_1_resp > 1 & ql_2_resp < 5 & q1_3_resp < 5),
formula = Answer ~ LoR + Name*Health + Duty,
clusters = id, weights = weight)
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Mod2_H8_d <- 1m_robust(
data = Vac_data_long %>, filter(ql_1 _resp > 1 & ql_2_resp < 5 & ql1_3_resp < 5),
formula = Answer ~ LoR*Duty + Name + Health,
clusters = id, weights = weight)

Mod2_H9 d <- 1m_robust(
data = Vac_data_long %>, filter(ql_1_resp > 1 & ql_2_resp < 5 & ql1_3_resp < 5),
formula = Answer ~ LoR + Name*Duty + Health,
clusters = id, weights = weight)

texreg/(
list(Mod2_H5_d, Mod2_H6_d, Mod2_H7_d, Mod2_H8_d, Mod2_H9_d),
include.ci = FALSE, include.rmse = FALSE, digits = 3,
doctype = FALSE, stars = c(0.001, 0.01, 0.05, 0.1), symbol = "+",
custom.coef .names = c("(Intercept)", "Lives in DK for 1 year", "Muslim name",
"Did not follow social distancing guidelines",
"Has diabetes because of an unhealthy lifesyle",
"Lives in DK for 1 year * Muslim name",
"Lives in DK for 1 year * has diabetes because of an unhealthy lifesyle",
"Muslim Name * has diabetes because of an unhealthy lifesyle",
"Lives in DK for 1 year * did not follow social distancing guidelines",
"Muslim Name * did not follow social distancing guidelines"),
caption = "Average marginal component interaction effects on who should get vaccinated first, e
caption.above = TRUE, sideways = TRUE, use.packages = FALSE, scriptsize = TRUE)
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Mod_day_a <- 1lm_robust(
data = Vac_data_long,
formula = Answer ~ LoR*Day + Name + Duty + Health +
Gender + Age + Region + Education + Pers_HH,
clusters = id, weights = weight)

Mod_day_b <- 1lm_robust(
data = Vac_data_long,
formula = Answer ~ LoR + Name*Day + Duty + Health +
Gender + Age + Region + Education + Pers_HH,
clusters = id, weights = weight)

## OLS with controls
texreg(list (Mod_day_a, Mod_day_b),
include.ci = FALSE, include.rmse = FALSE, digits = 3,
doctype = FALSE, stars = c(0.001, 0.01, 0.05, 0.1), symbol = "+",
omit.coef = "(Male) | (Age) | (RegionMidtjylland) | (RegionNordjylland) | (RegionSjzlland) | (Region
custom.coef .names = c("(Intercept)", "Lives in DK for 1 year", "Muslim name",
"Did not follow guidelines",
"Has an unhealthy lifesyle",
"Day of interview",
"Day of interview * Lives in DK for 1 year",
"Day of interview * Muslim name"),
custom.gof .rows = list("Control variables" = c("Yes", "Yes")),
caption = "Average marginal component interaction effects on who should get vaccinated fir
caption.above = TRUE, scriptsize = TRUE)
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Table 8: Average marginal component interaction effects on who should get vaccinated first, additional
exploratory results

Model 1 Model 2

(Intercept) 2.398 50.944"
(26.613)  (26.611)
Lives in DK for 1 year —-0.618  —0.136***
(51.434) (0.009)
Muslim name —0.000 —0.003"
(0.001) (0.001)
Did not follow guidelines —0.046***  —98.036™
(0.009) (51.359)
Has an unhealthy lifesyle —0.210"*  —0.210***
(0.011)  (0.011)
Day of interview —0.096""*  —0.096"**

(0.010)  (0.010)
Day of interview * Lives in DK for 1 year 0.000

(0.003)

Day of interview * Muslim name 0.005*

(0.003)
Control variables Yes Yes
R? 0.075 0.075
Adj. R? 0.074 0.074
Num. obs. 15084 15084
N Clusters 2514 2514

¥ < 0.001; **p < 0.01; *p < 0.05; Tp < 0.1
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Appendix C: Speeders and lame ducks

While the survey company already excluded the top 2.5 % fastest respondents before data delivery, we
state in the pre-registration that we will investigate if our results are robust to the exclusion of speeders.
Looking at the response times shows that the opposite phenomenon might actually be a bigger problem.
That is, people taking way too much time implying that they took a break during the survey and might
thus have forgotten what the study is all about. The median response time is 211 seconds, that is, roughly
4 minutes.

Figure 1 shows response times, either excluding very slow respondents who needed more than 15 minutes
or on a log scale. Very slow respondents are a striking pattern. To test the robustness of our findings
we thus re-estimate our models based on respondents who took at least two minutes and at most 15.
Excluding speeders and lame ducks leaves our results basically unchanged. The only finding that does not
replicate is the interaction effect between recent immigration status and having an unhealthy lifestyle; the
estimate drops from 3 to 1.7% and turns insignificant. However, we explicitly described this finding as
tentative.

# Calculating survey response time in seconds.
Vac_data_wide <- Vac_data_wide %>%
mutate(
Responsetime = (ActualSurveyEndTime - ActualSurveyStartTime) %>’
as.numeric())

# There are some wvery long response times.

summary (Vac_data_wide$Responsetime)

## Min. 1st Qu. Median Mean 3rd Qu. Mazx.
## 56 163 211 336 284 40733

# Histogram of questionnaire response time, excluding very slow respondents
histol <- ggplot(Vac_data_wide >% filter(Responsetime < 900), aes(x = Responsetime)) +
geom_histogram(aes(y = stat(count / sum(count))))+

labs(title = "Histogram of questionnaire response time",
caption = "X axis is on a log scale",
X = "Questionnaire response time in seconds (capped at 900 seconds / 15 minutes)",
y = "Percentage") +

theme_minimal ()

# Histogram of questionnaire response time, log scale

histo2 <- ggplot(Vac_data_wide, aes(x = Responsetime)) +
geom_histogram(aes(y = stat(count / sum(count))))+
scale_x_logl0() +

labs(title = "Histogram of questionnaire response time",
caption = "X axis is on a log scale",
X = "Questionnaire response time in seconds (log scale)",
y = "Percentage") +

theme_minimal ()
ggarrange (histol, histo2, labels = c("A", "B"), nrow = 2)

Min. 1st Qu. Median Mean 3rd Qu. Max. 56 163 211 336 284 40733
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A Histogram of questionnaire response time
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Figure 5: Histogram of questionnaire response times
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Table 9: Average marginal component effects on who should get vaccinated first, excluding those who took
less than two and more than fifteen minutes

Full sample Sample without speeters and lame ducks

(Intercept) 0.743** 0.743**
(0.010) (0.010)
Lives in DK for 1 year —0.136™** —0.139"**
(0.009) (0.010)
Muslim name —0.046** —0.038"**
(0.009) (0.010)
Did not follow social distancing guidelines —0.210"** —0.214%*
(0.011) (0.011)
Has diabetes because of an unhealthy lifesyle — —0.096*** —0.095***
(0.010) (0.011)
R? 0.075 0.076
Adj. R? 0.074 0.076
Num. obs. 15084 13590
N Clusters 2514 2265

**%p < 0.001; **p < 0.01; *p < 0.05; Tp < 0.1

# Re-estimate analysis excluding 5 ) fastest respondents

Mod1l_speedo <- 1lm_robust(
data = Vac_data_long %>, filter (Responsetime > 120 & Responsetime < 900),
formula = Answer ~ LoR + Name + Duty + Health,
clusters = id, weights = weight)

texreg(
list(Modl, Modl_speedo),
include.ci = FALSE, include.rmse = FALSE, digits = 3,
custom.model .names = c("Full sample", "Sample without speeters and lame ducks"),
doctype = FALSE, stars = c(0.001, 0.01, 0.05, 0.1), symbol = "+",
custom.coef .names = c("(Intercept)", "Lives in DK for 1 year", "Muslim name",
"Did not follow social distancing guidelines",
"Has diabetes because of an unhealthy lifesyle"),
caption = "Average marginal component effects on who should get vaccinated first, excluding tho
caption.above = TRUE, scriptsize = TRUE)
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# 2. "Extra penalties": Figure 2

Mod2_H5_speedo <- 1lm_robust(
data = Vac_data_long %>} filter(Responsetime > 120 & Responsetime
formula = Answer ~ LoR*Name + Duty + Health,
clusters = id, weights = weight)

Mod2_H6_speedo <- 1lm_robust(
data = Vac_data_long %>/, filter(Responsetime > 120 & Responsetime
formula = Answer ~ LoR*Health + Name + Duty,
clusters = id, weights = weight)

Mod2_H7_speedo <- 1lm_robust(
data = Vac_data_long %>} filter(Responsetime > 120 & Responsetime
formula = Answer ~ LoR + Name*Health + Duty,
clusters = id, weights = weight)

Mod2_H8_speedo <- 1lm_robust(
data = Vac_data_long %>} filter(Responsetime > 120 & Responsetime
formula = Answer ~ LoR*Duty + Name + Health,
clusters = id, weights = weight)

Mod2_H9_speedo <- 1lm_robust(
data = Vac_data_long %>} filter(Responsetime > 120 & Responsetime
formula = Answer ~ LoR + Name*Duty + Health,
clusters = id, weights = weight)

A

900),

A

900),

N

900),

N

900) ,

A

900),

texreg(
list (Mod2_H5_speedo, Mod2_H6_speedo, Mod2_H7_speedo, Mod2_H8_speedo, Mod2_H9_speedo),
include.ci = FALSE, include.rmse = FALSE, digits = 3,
doctype = FALSE, stars = c(0.001, 0.01, 0.05, 0.1), symbol = "+",
custom.coef .names = c("(Intercept)", "Lives in DK for 1 year", "Muslim name",
"Did not follow social distancing guidelines",
"Has diabetes because of an unhealthy lifesyle",
"Lives in DK for 1 year * Muslim name",
"Lives in DK for 1 year * has diabetes because of an unhealthy lifesyle",
"Muslim Name * has diabetes because of an unhealthy lifesyle",
"Lives in DK for 1 year * did not follow social distancing guidelines",
"Muslim Name * did not follow social distancing guidelines"),
caption = "Average marginal component interaction effects on who should get vaccinated first, e
caption.above = TRUE, sideways = TRUE, use.packages = FALSE, scriptsize = TRUE)

34



10 >d4 "G00 > dy ‘T0°0 > dyy “TO0°0 > dys

69T €9z ¢z 69T G9z s19s0) N
06GET 06GET 06¢ET 06G€T 06GET 'SqO TN
L2070 9200 9.0°0 9.0°0 9200 M Py
L2070 L2070 L2070 L2070 9.0°0 |
(810°0)
L070°0— SOUI[EPING SUIOUR)SIP [RID0S MO[[O] JOU PIP , SWRN WIS
(610°0)
ONDO| m@gzwﬁuﬂﬁm waﬂoﬁdpm@@ ﬂﬁoOw BOZOM jou UJU * IeoA ﬁ .HO.« VHQ ur m@.\wﬁH
(020°0)
920°0 S[ASOJI[ A)[eayUN UR JO 9SNRIA( S9IO(RIP SBY , SWIRN WI[SNIA
(610°0)
NH0.0\ @Tmm@wﬂ \AQQM@@QQS ue wO @mﬁﬁowﬂ m@p@@dﬂ@ m@ﬂ * IeoA T .HO.% VHQ ul m@.\&wh
(610°0)
NO©O| ouIeu ES@DE * 169k H .HOM VMQ QM mw\ﬁﬂ
(110°0) (110°0) (¢10°0) (¥10°0) (110°0)
exG60°0— 4k G60°0—  wxs80T0— 449800~  44xG60°0— OTASOJI] AU3[EOYUN UR JO 9SNBID] SO}RRID SE]
(¢10°0) (¢10°0) (110°0) (110°0) (110°0)
o610~ 4xC0C0—  wssPTC 0~  wasFTC0—  4uP 1T 0— souIepIm8 SUUR)SIP [RID0S MO[[OJ 10U PI(T
(€10°0) (010°0) (¥10°0) (010°0) (¥10°0)
8T00—  +x8E0°0—  wnxTG00—  4xs8E00—  4xlE00— oureu WISNI\
(010°0) (¥10°0) (010°0) (¥10°0) (#10°0)
***mméo| ***QNHO| ***Qmﬂ0| ***DM~O| ***meO| Ieok T HOM M ut m®>ﬁH
(110°0) (110°0) (210°0) (110°0) (110°0)
ws€E8L0  w8EL0  wnk0GL0  wwiBELD wwsEFLO (1deoroyuy)
GPPOIN ¥ PPOIN € PPOIN ¢ PPOIN T PPOIN

SOINUII Uoo} Uey)

9IOWL PUR OM) URT} SSI] YOO} OYM 9SOT} SUIPN[IXD ‘ISIY PojRUIIIRA 198 P[NOYS OYM UO S}I9J0 UOI}oRISJUI Juauoduiod [eurdIent o8eIoAy (T 9[®],

35



Appendix D: Balance test

Although we used block randomization to ensure proper and orthogonal randomization of the four
treatments, it is still good practice to illustrate that the randomization was successful. Tables XYZ below
show that the randomization of all four treatments seems to have been successful given that all covariates
are balanced across the treatment conditions.

## Data prep
Descr_data <- Vac_data_long 7%>%

mutate(
Pers_HH = case_when( ### Number of persons in the household, z-standardized

baggd == "1 person" ~ 1,

baggd == "2 personer" ~ 2,

bagg4d == "3 personer" ~ 3,

baggd == "4 personer" -~ 4,

bagg4d == "b personer" ~ 5,

baggd == "6 personer eller derover" ~ 6) %>/, as.numeric())

## Muslim/Nordic Name
Descr_data %>
select(Name, Gender, Alder, Region, Education, Pers_HH) %>’
tbl_summary(
by = Name,

statistic

= list(all_continuous() ~ "{mean} ({sd})",
all_categorical() ~ "{p}% {n}")) %>%

as_kable_extra()

Characteristic | Danish/Nordic name, N = 7,530 | Muslim name, N = 7,554
Gender
Female 51% 3,865 50% 3,767
Male 49% 3,665 50% 3,787
Alder 50 (17) 51 (17)
Region
Hovedstaden | 31% 2,340 31% 2,322
Midtjylland | 26% 1,992 27% 2,004
Nordjylland | 9.5% 712 8.7% 656
Sjeelland 12% 913 12% 929
Syddanmark | 21% 1,573 22% 1,643
Education
Primary 10% 772 9.7% 734
Secondary 46% 3,431 45% 3,403
Tertiary 44% 3,327 45% 3,417
Pers HH
1 36% 2,695 35% 2,657
2 50% 3,802 51% 3,842
3 8.8% 664 8.8% 668
4 4.1% 306 4.1% 312
5 0.7% 51 0.8% 57
6 0.2% 12 0.2% 18
1 % n; Mean (SD)
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## Immigrant status
Descr_data %>
select(LoR, Gender, Alder, Region, Education, Pers_HH) %>%
tbl_summary(
by = LoR,
statistic = list(all_continuous() ~ "{mean} ({sd})",
all_categorical() ~ "{p}} {n}"))%>%
as_kable_extra()

Characteristic | Born in DK, N = 7,534 | Lives in DK since 1 year, N = 7,550
Gender

Female 51% 3,809 51% 3,823

Male 49% 3,725 49% 3,727
Alder 50 (17) 50 (18)
Region

Hovedstaden | 31% 2,366 30% 2,296

Midtjylland | 26% 1,957 27% 2,039

Nordjylland | 9.0% 678 9.1% 690

Sjeelland 12% 913 12% 929

Syddanmark | 22% 1,620 21% 1,596
Education

Primary 10% 764 9.8% 742

Secondary 46% 3,478 44% 3,356

Tertiary 44% 3,292 46% 3,452
Pers HH

1 35% 2,610 36% 2,742

2 51% 3,877 50% 3,767

3 8.5% 643 9.1% 689

4 4.4% 333 3.8% 285

5 0.7% 56 0.7% 52

6 0.2% 15 0.2% 15

L % n; Mean (SD)

## Soctal distancing guidelines
Descr_data %>’
select(Duty, Gender, Alder, Region, Education, Pers_HH) %>%
tbl_summary (
by = Duty,
statistic = list(all_continuous() ~ "{mean} ({sd})",
all_categorical() ~ "{p}) {n}"))%>%
as_kable_extra()
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Characteristic | Followed guidelines carefully, N = 7,543 | Did not follow guidelines, N = 7,541
Gender

Female 51% 3,861 50% 3,771

Male 49% 3,682 50% 3,770
Alder 51 (18) 50 (17)
Region

Hovedstaden | 30% 2,298 31% 2,364

Midtjylland | 27% 2,036 26% 1,960

Nordjylland | 9.1% 684 9.1% 684

Sjeelland 12% 917 12% 925

Syddanmark | 21% 1,608 21% 1,608
Education

Primary 10% 758 9.9% 748

Secondary 45% 3,416 45% 3,418

Tertiary 45% 3,369 45% 3,375
Pers HH

1 35% 2,662 36% 2,690

2 51% 3,823 51% 3,821

3 9.0% 680 8.6% 652

4 4.1% 311 4.1% 307

5 0.7% 56 0.7% 52

6 0.1% 11 0.3% 19

1 % n; Mean (SD)

## Healthy lifestyle
Descr_data %>
select(Health, Gender, Alder, Region, Education, Pers_HH) 7>
tbl_summary(
by = Health,
statistic = list(all_continuous() ~ "{mean} ({sd})",
all_categorical() ~ "{p}) {n}"))%>%
as_kable_extra()
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Characteristic | Healthy lifestyle, N = 7,539 | Unhealthy lifestyle, N = 7,545
Gender
Female 50% 3,794 51% 3,838
Male 50% 3,745 49% 3,707
Alder 50 (17) 51 (17)
Region
Hovedstaden | 31% 2,326 31% 2,336
Midtjylland | 26% 1,976 27% 2,020
Nordjylland | 9.5% 715 8.7% 653
Sjeelland 12% 935 12% 907
Syddanmark | 21% 1,587 22% 1,629
Education
Primary 9.5% 719 10% 787
Secondary 46% 3,459 45% 3,375
Tertiary 45% 3,361 45% 3,383
Pers HH
1 35% 2,653 36% 2,699
2 51% 3,855 50% 3,789
3 8.6% 648 9.1% 684
4 4.3% 323 3.9% 295
5 0.7% 50 0.8% 58
6 0.1% 10 0.3% 20
1 % n; Mean (SD)

Appendix E: Exploratory analyses of effect heterogeneity by gender,
education, age

Prior research shows that men, the less educated and older respondents are more xenophobic and racist.
Against this background we explore here whether our main findings of racist-driven and reciprocity
motivated healthcare chauvinism are more pronounced among these populations. The findings suggest that
men penalize Muslims more than women, but women penalize recent immigrants more. Thus with regard
to gender the evidence is rather mixed. We do not find any differences with respect to age. However,
racist-driven but not reciprocity-motivated healthcare chauvinism is significantly more pronounced among
the less educated.

Mod_gender_a <- lm_robust(
data = Vac_data_long,
formula = Answer ~ LoR*Gender + Name + Duty + Health +
Age + Region + Education + Pers_HH + Day,
clusters = id, weights = weight)
Mod_gender_b <- 1m_robust(
data = Vac_data_long,
formula = Answer ~ LoR + Name*Gender + Duty + Health +
Age + Region + Education + Pers_HH + Day,
clusters = id, weights = weight)
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Table 11: Average marginal component interaction effects on who should get vaccinated first, additional
exploratory results

Model 1 Model 2

(Intercept) 2.194 1.436
(6.573) (6.648)
Lives in DK for 1 year —0.157*  —0.136™**
(0.013) (0.009)
Muslim name —0.016™ 0.029**
(0.009) (0.010)
Did not follow guidelines —0.046** —0.020
(0.009) (0.013)
Has an unhealthy lifesyle —0.210"*  —0.210™**
(0.011) (0.011)
Male —0.096***  —0.096***

(0.010) (0.010)
Male * Lives in DK for 1 year 0.040*

(0.018)

Male * Muslim name —0.051**

(0.019)
Control variables Yes Yes
R? 0.075 0.075
Adj. R? 0.074 0.074
Num. obs. 15084 15084
N Clusters 2514 2514

¥ < 0.001; **p < 0.01; *p < 0.05; Tp < 0.1

## OLS with controls
texreg(list (Mod_gender_a, Mod_gender_b),
include.ci = FALSE, include.rmse = FALSE, digits = 3,
doctype = FALSE, stars = c(0.001, 0.01, 0.05, 0.1), symbol = "+",
omit.coef = "(Age) | (RegionMidtjylland) | (RegionNordjylland) | (RegionSjzlland) | (RegionSyddanm
custom.coef .names = c("(Intercept)", "Lives in DK for 1 year", "Muslim name",
"Did not follow guidelines",
"Has an unhealthy lifesyle",
"Male",
"Male * Lives in DK for 1 year",
"Male * Muslim name"),
custom.gof .rows = list("Control variables" = c("Yes", "Yes")),
caption = "Average marginal component interaction effects on who should get vaccinated fir
caption.above = TRUE, scriptsize = TRUE)
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Mod_age_a <- 1lm_robust(
data = Vac_data_long,
formula = Answer ~ LoR*Age + Name + Duty + Health +
Gender + Region + Education + Pers_HH + Day,
clusters = id, weights = weight)

Mod_age_b <- 1lm_robust(
data = Vac_data_long,
formula = Answer ~ LoR + Name*Age + Duty + Health +
Gender + Region + Education + Pers_HH + Day,
clusters = id, weights = weight)

## OLS with controls
texreg(list (Mod_age_a, Mod_age_b),
include.ci = FALSE, include.rmse = FALSE, digits = 3,
doctype = FALSE, stars = c(0.001, 0.01, 0.05, 0.1), symbol = "+",
omit.coef = "(Male) | (RegionMidtjylland) | (RegionNordjylland) | (RegionSjzlland) | (RegionSyddan
custom.coef .names = c("(Intercept)", "Lives in DK for 1 year", "Muslim name",
"Did not follow guidelines",
"Has an unhealthy lifesyle",
"Age",
"Age * Lives in DK for 1 year",
"Age * Muslim name"),
custom.gof .rows = list("Control variables" = c("Yes", "Yes")),
caption = "Average marginal component interaction effects on who should get vaccinated fir
caption.above = TRUE, scriptsize = TRUE)
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Table 12: Average marginal component interaction effects on who should get vaccinated first, additional
exploratory results

Model 1 Model 2

(Intercept) 2.264 2.331
(6.577) (6.595)
Lives in DK for 1 year —0.136"**  —0.136™**
(0.009) (0.009)
Muslim name —0.005 0.005
(0.005) (0.005)
Did not follow guidelines —0.046***  —0.046***
(0.009) (0.009)
Has an unhealthy lifesyle —0.210"*  —0.210***
(0.011)  (0.011)
Age —0.096***  —0.096***

(0.010)  (0.010)
Age * Lives in DK for 1 year 0.005

(0.009)

Age * Muslim name —0.014

(0.009)
Control variables Yes Yes
R? 0.075 0.075
Adj. R? 0.074 0.074
Num. obs. 15084 15084
N Clusters 2514 2514

¥ < 0.001; **p < 0.01; *p < 0.05; Tp < 0.1
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Mod_educ_a <- 1lm_robust(
data = Vac_data_long,
formula = Answer ~ LoR*Education + Name + Duty + Health +
Gender + Age + Region + Pers_HH + Day,
clusters = id, weights = weight)
Mod_educ_b <- 1m_robust(
data = Vac_data_long,
formula = Answer ~ LoR + Name*Education + Duty + Health +
Gender + Age + Region + Pers_HH + Day,
clusters = id, weights = weight)

## OLS with controls
texreg(list (Mod_educ_a, Mod_educ_b),
include.ci = FALSE, include.rmse = FALSE, digits = 3,
doctype = FALSE, stars = c(0.001, 0.01, 0.05, 0.1), symbol = "+",
omit.coef = "(Male) | (Age) | (RegionMidtjylland) | (RegionNordjylland) | (RegionSjzlland) | (Region
custom.coef .names = c("(Intercept)", "Lives in DK for 1 year", "Muslim name",
"Did not follow guidelines",
"Has an unhealthy lifesyle",
"Secondary education", "Tertiary education",
"Secondary education * Lives in DK for 1 year",
"Tertiary education * Lives in DK for 1 year",
"Secondary education * Muslim name",
"Tertiary education * Muslim name"),
custom.gof .rows = list("Control variables" = c("Yes", "Yes")),
caption = "Average marginal component interaction effects on who should get vaccinated fir
caption.above = TRUE, scriptsize = TRUE)
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Table 13: Average marginal component interaction effects on who should get vaccinated first, additional
exploratory results

Model 1 Model 2

(Intercept) 1.906 1.883
(6.612) (6.629)
Lives in DK for 1 year —0.138"*  —0.136***
(0.027) (0.009)
Muslim name 0.003 0.001
(0.015) (0.016)
Did not follow guidelines —0.006 —0.030"
(0.015) (0.016)
Has an unhealthy lifesyle —0.046*"*  —0.065*
(0.009) (0.028)
Secondary education —0.210""*  —0.210***
(0.011) (0.011)
Tertiary education —0.096*"*  —0.096***

(0.010) (0.010)
Secondary education * Lives in DK for 1 year —0.008

(0.030)
Tertiary education * Lives in DK for 1 year 0.016
(0.030)
Secondary education * Muslim name —0.004
(0.031)
Tertiary education * Muslim name 0.064*
(0.031)
Control variables Yes Yes
R? 0.075 0.076
Adj. R? 0.074 0.075
Num. obs. 15084 15084
N Clusters 2514 2514

e < 0.001; **p < 0.01; *p < 0.05; Tp < 0.1
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Appendix F: Outlier analysis

Our pre-registration states that we will perform an outlier analysis. In the aftermath this seems unnecessary
given that all treatments and outcomes are binary. However, since we stated it, we present the code that
tests for outliers here. The results are obviously not alarming. However, we refrain from printing the
actual figures because they tremendously increase the filesize of the pdf.

# ___________________________
# 1. "Average effects": AMCE
# ___________________________
dfbetasPlots (
lm(data = Vac_data_long,
formula = Answer ~ LoR + Name + Duty + Health,
weights = weight))
# _______________________________
# 2. "Eztra penalties": Figure 2
# _______________________________
dfbetasPlots(
lm(data = Vac_data_long,
formula = Answer ~ LoR*Name + Duty + Health,
clusters = id, weights = weight))
dfbetasPlots(
lm(data = Vac_data_long,
formula = Answer ~ LoR*Health + Name + Duty,
clusters = id, weights = weight))
dfbetasPlots (
lm(data = Vac_data_long,
formula = Answer ~ LoR + Name*Health + Duty,
clusters = id, weights = weight))
dfbetasPlots(
lm(data = Vac_data_long,
formula = Answer ~ LoR#Duty + Name + Health,
clusters = id, weights = weight))
dfbetasPlots(

lm(data = Vac_data_long,
formula = Answer ~ LoR + Name*Duty + Health,
clusters = id, weights = weight))
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