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Taking a machine learning
approach to optimize prediction

of vaccine hesitancy in high income
countries
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Understanding factors driving vaccine hesitancy is crucial to vaccination success. We surveyed adults
(N =2510) from February to March 2021 across five sites (Australia=502, Germany =516, Hong

Kong =445, UK=512, USA =535) using a cross-sectional design and stratified quota sampling for age,
sex, and education. We assessed willingness to take a vaccine and a comprehensive set of putative
predictors. Predictive power was analysed with a machine learning algorithm. Only 57.4% of the
participants indicated that they would definitely or probably get vaccinated. A parsimonious machine
learning model could identify vaccine hesitancy with high accuracy (i.e. 82% sensitivity and 79-82%
specificity) using 12 variables only. The most relevant predictors were vaccination conspiracy beliefs,
various paranoid concerns related to the pandemic, a general conspiracy mentality, COVID anxiety,
high perceived risk of infection, low perceived social rank, lower age, lower income, and higher
population density. Campaigns seeking to increase vaccine uptake need to take mistrust as the main
driver of vaccine hesitancy into account.

As COVID-19 vaccines are being rolled out, success of the vaccination crucially depends on a sufficient propor-
tion of the population accepting a vaccine. Numerous studies have already investigated putative vaccine accept-
ance by asking people whether they would be willing to accept a COVID-19 vaccine if it were offered to them.
Vaccine willingness rates vary around 65-75% of the population in most of the surveyed countries’. The few
multi-national studies to date indicate considerable between country variance’™. Even within the group of high
income countries, which are now in the process of offering vaccines to all their citizens, the acceptance rates
have been found to vary, with UK citizens showing particularly high vaccine willingness, Germans being more
hesitant®* and particularly low rates in Hong Kong®. Overall, however, it is clear that fewer people are willing to
take a vaccine than required for sufficient population immunity®-5.

To better understand the factors driving vaccine hesitancy?, several studies have assessed the putative predic-
tors of COVID-19 vaccine willingness versus hesitancy. Higher vaccine willingness was found to correlate with
a higher COVID-19-risk-perception®'®'!, whereas vaccine hesitancy correlated with vaccine safety and efficacy
concerns>*>12714 Sociodemographic variables associated with hesitancy were younger age, female gender, lower
income, lower education, unemployment, and migrant status in many of the studies>>!*!>!413, Further predictors
were extreme political views'®, higher social media consumption'®!"'7, mistrust of the government, research, and
the medical profession>'"'217, general and COVID-19-specific conspiracy beliefs'®!>!7, and paranoid ideation!’.

Thus, some of the driving factors of COVID-19 vaccine hesitancy identified so far (i.e., sociodemographic
factors, risk perception, trust in vaccine-safety) match those found for vaccine hesitancy in general'!?. Beyond
those factors, the studies point to the relevance of factors indicative of a more fundamental mistrust, including
mistrust of mainstream media and politics, conspiracy beliefs, and paranoid ideation.

However, we do not know how well these putative driving factors perform in predicting vaccine hesitancy,
which factors are most relevant to an optimal prediction, or whether an optimal prediction in one country can
be generalized to other countries. Identifying a globally stable algorithm to predict vaccine hesitancy based
on a limited set of variables would provide an immensely helpful basis for targeted interventions to increase
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vaccine willingness. Thus, an important next step would be to probe for and optimize the prediction of vac-
cine willingness in a multi-national survey on the basis of variables identified as relevant so far. This could be
done by using machine learning algorithms that are able to capture the complex relationships and interactions
between variables®.

Also, given the relevance of mistrust, it seems promising to place more focus on this construct in relation to
vaccine willingness. This could be done by including a more fine-grained assessment of mistrust related vari-
ables along with predictors of mistrust that have been identified in clinical research on paranoia. These include
social marginalization and adversity (e.g. having a minority status or interpersonal traumatization), and negative
generalized beliefs about oneself, other people, and oneé’s position in society?!.

The present comprehensive multi-national survey included quota samples from five high-income sites in the
early phases of vaccine rollout and addressed the following three aims:

(1) to assess the prevalence of COVID-19 vaccine willingness across sites;

(2) to replicate previous research on the correlates of vaccine willingness and identify the key factors driving
vaccine hesitancy. To this aim, we used regression analyses to test whether COVID-19 vaccine willingness
is predicted by (a) sociodemographic variables including those indicative of social marginalization, (b)
perception of COVID risk, (c) political orientation and preferred types of information sources, (d) specific
mistrust (i.e., vaccine conspiracy beliefs, pandemic-related paranoid ideation), (e) general mistrust (i.e.,
conspiracy mentality, general paranoid ideation), (f) social adversity, and (g) generalized beliefs about the
self, others, and ones’ own social rank;

(3) to identify vaccination hesitant people accurately based on a limited set of variables in order to provide tar-
geted interventions to the right individuals. To this aim, we changed our focus from explanatory regression
analysis to optimizing prediction. We used a machine learning model to probe for the optimum prediction
accuracy for vaccine hesitancy and to find a parsimonious model based on a selection of common global
predictors. We also explored the stability of the most promising predictive model across sites.

Results
Sample characteristics. Sample characteristics for the full sample and the individual sites are presented
in Table 1.

Prevalence of vaccine willingness. Table 2 shows vaccine willingness across sites. Only 57.4% of all
participants indicated that they would definitely or probably get vaccinated. The distribution of the answers
varied considerably between sites. In the USA and Germany, a bi-modal distribution of answers with peaks in
definite willingness and definite rejection of the vaccine were found. In the UK and Australia, by contrast, there
were skewed distributions with most participants indicating definite willingness. Finally, most participants in
the Hong Kong sample answered in the mid-category indicating possible willingness for vaccination, with few
participants responding with definite acceptance or rejection. An ANOVA of vaccine willingness showed a sig-
nificant effect of site (F(4,2505) =59.65, p<0.001, n?=0.087). Bonferroni-corrected post hoc comparisons indi-
cated a higher mean willingness in the UK than in all other sites (USA: T=8.61, p,,,,<0.001, d =0.533, Australia:
T=6.94, p.,,,<0.001, d=0.436, Germany: T=9.14, p,,,,<0.001, d=0.570, Hong Kong: T=18.11, p.,,,<0.001,
d=1.173) and in Hong Kong a lower mean willingness than all other sites (USA: T=6.68, p,,,,<0.001, d=0.429,
Australia: T=9.53, p,,,,<0.001, d=0.621, Germany: T=6.89, p,,,,<0.001, d=0.445).

Prediction of vaccine willingness using regression. As can be seen in Table 3 (left column, cor-
relation), most variables showed significant correlations with vaccine willingness. The strongest associations
were found for COVID anxiety (positive association), vaccine conspiracy beliefs, pandemic conspiracy beliefs,
and general conspiracy mentality (all negative associations). A follow-up-calculation of correlations by site
(see supplement 2) showed that the negative association between vaccine willingness and vaccine conspiracy
beliefs (- 0.68<r< — 0.41), pandemic conspiracy beliefs (- 0.53<r< — 0.21), general conspiracy mentality
(- 0.36<r< - 0.27), and gender (- 0.16<r< — 0.10), as well as the positive association with positive beliefs
about others (0.13 <r<0.24) could be found within each site. Furthermore, the association with age, education,
income, risk-perception variables, primary news source and the remaining generalized beliefs -variables were
found in the majority of the sites. Notably, none of the perception of COVID risk variables showed a significant
correlation with vaccine willingness in the Hong Kong sample. Finally, we found the following site-specific cor-
relation in the opposite direction when compared to the full sample: size of current home city (USA: r=0.17,
p<0.001), right-wing political orientation (Hong Kong: r=0.25, p <0.001), and higher pandemic paranoia global
score (Australia: r=0.11, p=0.016).

Among cluster-specific logistic regression models (see Table 4), the specific mistrust model yielded the highest
total accuracy (TAC=0.84, Nagelkerke’s R* = 0.54), followed by the general mistrust model (TAC=0.73, Nagel-
kerkes R? = 0.18) and the extended socio-demographic (TAC =0.70, Nagelkerke’s R> = 0.12) and perception of
COVID risk model (TAC=0.70, Nagelkerke’s R? = 0.09). The social adversity model did not provide any additional
accuracy beyond classifying all participants into the vaccine willingness group (TAC=0.68). The combined
regression model with all variables showed a total accuracy of 0.85 (Nagelkerke’s R> = 0.65). For all logistic
regression models, accuracy was driven by high sensitivity (i.e., correctly identifying vaccine willingness), but
comparatively low specificity (i.e., correctly identifying vaccine hesitancy; see Table 4).
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UK USA AU GE HK Total
Participant flow
Participants approached for the survey 2725 1790 3209 3456 1673 12853NA

985 536 NA 645 524 NA
Participants Who completed surveys and 512 535 502 516 445 2510
passed attention checks
Age, M years (SD) 41.91(14.87) | 47.65(17.05) |44.75(17.55) | 42.00 (13.79) | 39.64 (13.57) |43.32(15.73)
Gender (%)
Male 47.1% 46.4% 48.2% 49.2% 43.1% 46.9%
Female 52.7% 52.7% 50.8% 50.0% 56.6% 52.5%
Genderqueer 0% 0.2% 0.2% 0.6% 0% 0.2%
Transmale/female 0% 0.4% 0.2% 0.2% 0.2% 0.1%
Other 0% 0.4% 0.4% 0% 0% 0.2%
Size of current home city
<100.000 people 36.1% 37.6% 19.3% 55.4% 0.9% 30.8%
Up to 500.000 people 28.9% 19.6% 16.1% 20.2% 5.2% 18.4%
Up to 1 million people 8.4% 10.1% 12.5% 10.1% 3.6% 9.1%
Up to 5 million people 3.7% 8.8% 25.7% 11.2% 1.3% 10.3%
Up to 10 million people 4.9% 5.6% 10.2% 0.6% 83.8% 19.2%
Over to 10 million people 4.9% 4.7% 1.8% 0.6% 2.5% 2.9%
Unknown 13.1% 13.6% 14.3% 1.9% 2.7% 9.3%
Educational level
Primary 0.4% 5.2% 0.8% 0.4% 2.5% 1.9%
Secondary or equivalent 19.7% 0.0% 15.5% 59.7% 28.8% 24.5%
A-level or equivalent 38.3% 34.4% 49.2% 12.8% 18.2% 30.8%
Bachelor degree 30.3% 46.7% 28.9% 11.4% 39.8% 31.3%
Masters degree 9.4% 11.0% 4.6% 14.5% 10.1% 10.0%
PhD or equivalent 2.0% 2.6% 1.0% 1.2% 0.7% 1.5%
Annual income
Under £18,500 15.6% 26.7% 22.9% 20.9% 8.5% 19.3%
£18,500-£36,999 39.8% 25% 27.1% 28.3% 22.2% 28.6%
£37,000-£55,999 23.6% 16.1% 13.3% 23.4% 28.8% 20.8%
£56,000-£74,999 11.5% 10.1% 13.3% 14.7% 11.7% 12.3%
£75,000-£92,999 4.7% 6.9% 12.4% 6.2% 13.9% 8.6%
£93,000-£111,999 2.1% 7.5% 7.4% 3.3% 8.3% 5.7%
£112,000 + 2.5% 7.7% 3.6% 3.1% 6.5% 4.7%
Employment status
Full time 50.4% 40.9% 41.8% 50.2% 74.4% 50.9%
Part time 20.7% 8.8% 13.9% 17.6% 9.7% 14.2%
Retired 10.4% 0% 16.9% 8.7% 3.6% 7.9%
Unemployed (looking) 4.9% 4.9% 7.4% 6.2% 1.6% 5.1%
Military 0.0% 0.0% 0.0% 0.2% 0.0% 0.4%
Unemployed (not looking) 2.0% 22.1% 2.8% 1.7% 0.7% 6.1%
Home keeper/carer 5.7% 9.2% 7.2% 4.5% 1.3% 5.7%
Disabled 1.6% 4.7% 6.0% 2.5% 0.0% 3.0%
Training/school 4.3% 8.2% 4.0% 8.3% 8.8% 6.7%
Migrant status 12.7% 5.4% 15.9% 7.0% 5.4% 9.3%
Minority status
Sexual orientation/identity 11.9% 9.9% 11.0% 10.3% 10.1% 10.6%
Ethnic minority/skin colour 11.7% 10.1% 11.4% 5.6% 8.3% 9.4%
Minority religion/belief 8.6% 12.1% 11.8% 8.9% 9.2% 10.2%
Physical disability 9.0% 15.0% 16.3% 11.8% 8.8% 12.3%
Visible physical condition 13.1% 17.8% 16.5% 22.1% 23.8% 18.5%
Part of > 1 minority 37.7% 41.5% 45.0% 39.7% 36.6% 40.2%
Mental health diagnosis 12.3% 22.4% 41.8% 20.0% 7.2% 21.0%

Table 1. Participant flow and sociodemographic details across samples. An overview of the descriptive values
for the remaining predictor variables can be found in supplement 5.

Prediction of vaccine willingness using machine learning. For both cross-validation methods, a
machine learning model showed high balanced accuracy (see Table 4; details on the hyperparameter tuning
results are provided in supplement 3). As can be seen, the full model was able to correctly classify 82% of the par-
ticipants who were willing to get vaccinated (i.e., sensitivity) that were left out for cross validation in the leave-
one-site-out and leave-one-person-out validation, respectively. Furthermore, the model was able to correctly
identify most participants who indicated an unwillingness to get vaccinated (i.e., specificity). However, in the
leave-one-site-out cross validation, the full model showed somewhat lower specificity (78%) than in the leave-
one-person-out model (82%). Furthermore, splitting the accuracy scores of the leave-one-person-out cross vali-
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Definitely | Probably Possibly Probably Definitely

rejecting rejecting taking taking taking

vaccination | vaccination | vaccination | vaccination | vaccination
Answer category if offered if offered if offered if offered if offered

Vaccination Vaccination
Dichotomized category | Hesitancy NA willingness

n % n % n % n % n %
UK 28 55 |40 7.8 |40 7.8 |59 11.5 | 345 67.4
USA 114 | 213 |52 9.7 |61 114 |64 12.0 | 244 45.6
Australia 58 11.6 |67 133 |55 11.0 [ 110 |21.9 |212 42.2
Germany 83 16.1 |63 12.2 |88 171 |79 153 | 203 39.3
Hong Kong 44 9.9 |125 |28.1 |150 |33.8 |83 18.7 |43 9.7
Total 327 |13.0 [347 |13.8 (394 |15.7 |395 |15.7 |1047 |41.7

Table 2. Distribution of vaccine willingness across countries.

dation by site showed equally high sensitivity, specificity and total accuracy (all>80%) for the UK, USA, Aus-
tralia, and Germany, whereas Hong Kong showed decreased sensitivity (70%) and specificity (69%; see Fig. 1).

Feature importance analyses (see Table 5) and SHAP (see Fig. 2) converged on the majority of most important
variables. Vaccination conspiracy beliefs was the most informative variable in both models, with a decrease in
accuracy of 23.8% when this variable was permuted. The remaining nine of the top ten informative variables
in feature importance included pandemic specific mistrust variables, general conspiracy mentality, social rank,
COVID anxiety, perceived risk of infection, age, and income (see Table 5, left column). SHAP showed overlap
with feature importance analysis in 8 variables, the only differences were the inclusion of pandemic conspiracy
beliefs (instead of general conspiracy beliefs), and size of current home city (but not income).

Calculating a new model without vaccine conspiracy beliefs only resulted in a slight drop in accuracy with
the specificity being more affected than the sensitivity. In this model, COVID specific and general conspiracy
beliefs increased in feature importance, and positive beliefs in oneself and others moved up into the list of the top
ten most relevant variables (see Table 5, mid column). Leaving out all specific and general mistrust variables led
to a considerable drop in accuracy with the most informative variable in the model now being COVID anxiety
followed by a mix of variables from all remaining clusters (see Table 5, right column).

The calculation of two parsimonious models was based on the combination of the ten and five most impor-
tant variables from feature importance and SHAP (Table 5, left column, and Fig. 2). Differences in the ranking
between both methods lead to the inclusion of twelve and seven variables, respectively. Cross-validation yielded
the same accuracy as the full model (twelve variables) or a minimal decrease in accuracy (seven variables;
Table 4).

Exploratory analyses including vaccination-indecisive participants. In order to explore whether
our model can be extended to people who indicated that they would possibly take the vaccine (mid-category),
we re-ran the random-forest classification based on all predictors twice, first with the mid-category added to the
group of vaccine-hesitant participants (model 1) and then with the mid-category added as a separate category of
indecisive participants (model 2). Both models performed poorer than the corresponding main analyses model
(model 1: BAC=0.73-0.76, model 2: BAC=0.55-0.59). Specifically, the results from the multiclass-RF in model
showed that whereas correct classification remained fairly high for willingness (Recall: 0.67-0.69) and hesitancy
(Recall: 0.65), the model largely failed to correctly allocate indecisive participants (Recall: 0.34-0.42, see sup-
plement 6).

Discussion

Surprisingly, only 57.4% of the total sample indicated that they would definitely or probably get vaccinated, which
is a somewhat lower percentage than the 65-75% identified previously>. The lower rates might stem from the
fact that vaccine side effects were receiving a lot of media attention during the assessment period®?, and online
misinformation on vaccination was rocketing?. Thus, it seems that vaccine willingness is not necessarily stable
over time. However, differences between countries also need to be considered: Corresponding with the two
previous multinational studies, we found the UK to show comparably high vaccine willingness and lower rates
for the US and Germany>*. Interestingly, the distributions of the willingness scale also differed between sites.
The USA and Germany tended more to the extremes (i.e., clear refusal or willingness), whereas participants from
Hong Kong showed more indecisiveness, which may be partly explicable by safety and effectiveness concerns
associated with specific vaccines being offered in Hong Kong®.

In terms of predicting vaccine willingness in logistic regression, we could confirm most of the included fac-
tors that were delineated from previous research or from clinical models of paranoia. The clearest finding was
the strong predictive value of specific mistrust, which correctly identified 84% participants as vaccine hesitant
or willing to get vaccinated. This translates to an explained variance of 54%, exceeding previous associations
between vaccine hesitancy and mistrust'2. Within the variables indicative of mistrust, the strongest associa-
tions with vaccine willingness were found for vaccine conspiracy beliefs and pandemic paranoid conspiracy
beliefs. Interestingly however, one type of mistrust within this group, namely not trusting others to comply with
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Regressions per variable

Correlation cluster Regression with all variables

r p OR |z lr OR |z I
Socio-demographic data
Age 0.170*** <0.001 | 1.537%* | 8.27 <0.001 | 1.555%* |5.26 <0.001
Gender (0=male, 1 =female)* —0.133** <0.001 | 0.637*** | —4.50 <0.001 |0.602*** | —3.42 0.001
Size of current home city —0.073*** <0.001 | 0.796*** | —4.38 <0.001 |0.688*** | —4.88 <0.001
fi‘(‘)ﬁ;‘fy‘?& level (0="2 A-level’, 1 = primary/ ~0.101%* | <0001 |0713* | =301 |0.003 |0.632% |-286 |0.004
Annual income 0.132%%* <0.001 | 1.417%* | 6.05 <0.001 |1.171 191 0.056
i’g,l’)loymem status (0="working’, 1 ="not work- | _g 59 0074|0725 | -227 [0023 |0801  |-107 |0.285
Migrant status (0="“no” vs. 1 = “yes”) 0.023 0.285 | 1.168 0.90 0.368 1.679* 2.13 0.034
Minority status (0=“no” vs. 1="yes”) 0.007 0.764 | 1.586*** | 2.81 0.005 1.272 1.07 0.285
Number of minority group memberships -0.024 0.27 | 0.868 -1.81 0.070 1.002 0.02 0.987
Mental health diagnosis 0.014 0.514 | 0.941 —-0.50 0.620 0.662* -2.18 0.029
Perception of COVID risk
COVID anxiety 0.237%* <0.001 | 1.454** | 6.46 <0.001 | 1.266** 2.67 0.007
COVID in family members/friends 0.105%** <0.001 | 1.405** 293 0.003 1.418* 2.08 0.037
Perceived risk of infection 0.194*** <0.001 | 1.210** 297 0.003 1.393*** | 3.60 <0.001
Expected consequences of infection 0.151** | <0.001 | 1.039 0.65 0.516 0911 -1.06 | 0.292
Political mindedness
a‘l’gé‘f)arll e"}fgg;ﬁ‘)‘m (higher values=more right | o 510 | (0001|0702 | =503 | <0.001 |0.850* | -228 |0.022
Eg;fﬁ’(’)::‘;g‘;‘l’fr;‘;g"; ’)nati"“ (higher val- ~0.142%%* | <0001 | 0.723** | -677 | <0001 |1119 |149 | 0137
Specific mistrust
Pandemic persecutory threat (PPS) 0.059** 0.006 | 2.464** | 10.90 <0.001 | 1.844** | 5.35 <0.001
Pandemic paranoid conspiracy (PPS) —0.389* <0.001 | 0.6017* | —4.88 <0.001 | 0.615** | —-4.15 <0.001
Pandemic interpersonal mistrust (PPS) —0.110%** <0.001 | 1.801*** | 7.21 <0.001 | 1.746*** | 5.73 <0.001
Pandemic paranoia global score (PPS) —-0.052* 0.017 | - - - -
Vaccine conspiracy beliefs -0.559** | <0.001| 0.167*** | -18.23 | <0.001 | 0.159*** | -15.65 | <0.001
General mistrust
Ideas of reference (RGPTS) —-0.046* 0.033 | 1.051 0.53 0.596 1.371* 2.21 0.027
Paranoid ideation (RGPTS) —-0.042 0.056 | 1.106 1.08 0.281 1.013 0.09 0.932
General conspiracy mentality (CMQ) —0.351%** <0.001 | 0.402%** | -15.23 | <0.001 | 1.035 0.36 0.716
Social adversity
Traumatic emotional neglect 0.082%** <0.001 | 1.088 0.72 0.469 0.905 -0.57 0.571
Traumatic psychological abuse 0.122%%* | <0.001 | 1.632*** | 3.80 <0.001 | 1.245 1.16 0.245
Traumatic physical abuse 0.047% 0.036 | 0.846 -1.34 | 0.181 0.803 -1.15 | 0.250
Traumatic sexual abuse 0.083*** <0.001 | 1.249 1.89 0.058 1.405 1.89 0.059
Generalized beliefs (self, others, own social rank)
Negative beliefs about self (BCSS) —0.097*%* <0.001 | 1.014 0.22 0.834 0.955 -0.47 0.640
Negative beliefs about others (BCSS) —0.152%%* <0.001 | 0.798°** | —4.20 <0.001 | 0.853 -1.89 0.059
Positive beliefs about self (BCSS) 0.073*** <0.001 | 0.831** -2.58 0.010 0.863 -1.48 0.139
Positive beliefs about others (BCSS) 0.182%%* <0.001 | 1.489%** | 6.64 <0.001 | 1.438*** | 4.30 <0.001
Perceived social rank (SCS) 0.107%* <0.001 | 1.132 1.83 0.068 1.143 1.34 0.182

Table 3. Correlation and multifactorial logistic regression analyses predicting vaccine willingness vs.
hesitancy (n=2116). (a) To avoid bias due to low cell counts the variables sex and gender were combined

into a dichotomized variable to reflect the gender a participants most likely reads as at present (e.g. a person
describing their sex as male and their gender as trans/female was labeled as female; a person describing their
sex as female and their gender as other was labeled as female) leading to a recoding for 16 participants (0.63%);
(b) education level was dichotomized with GCSE or lower categorized as low educational level and everything
else as high educational level. PPS pandemic paranoia scale, CMQ conspiracy mentality questionnaire,
RGTPSrevised green paranoid thoughts scale, BCSSbrief core schema scales, SCSsocial comparison scale.

the COVID measures, correlated with higher willingness to get vaccinated, suggesting that pandemic mistrust
is a multi-faceted construct, with facets that are associated with opposing behavioral responses. The next best
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Logistic regression models

Socio-demographic data 0.93 072 ]0.21 0.58 |0.57 |0.70
Perception of COVID risk 0.94 0.72 ]0.20 0.60 0.57 |0.70
Political mindedness 0.98 0.69 |0.04 0.56 | 0.51 |0.68
Specific mistrust 0.92 0.85 | 0.66 080 [0.79 |0.84
General mistrust 0.92 0.74 ]0.32 0.66 0.62 |0.73
Social adversity 1.00 0.68 | 0.00 - 0.50 | 0.68
Generalized beliefs 0.95 0.70 |0.11 0.54 | 0.53 |0.69
All variables included 0.92 0.87 |0.70 0.81 |0.81 |0.85
Machine learning models (leave-one-site-out cross validation)

All variables included 0.82 0.89 10.78 0.67 |0.80 |0.81
Vaccination conspiracy beliefs excluded | 0.78 0.84 |0.68 059 |0.73 |0.74
Specific/general mistrust excluded 0.70 0.78 |0.59 047 |0.65 |0.66
12 best variables 0.82 0.89 |0.79 0.67 0.81 |0.81
7 best variables 0.80 0.89 |0.78 0.65 |0.79 |0.80
Machine learning models (leave-one-person-out cross validation)

All variables included 0.82 091 |0.82 0.68 |0.82 |0.82
Vaccination conspiracy beliefs excluded | 0.82 0.86 |0.71 0.65 |0.77 ]0.79
Specific/general mistrust excluded 0.68 0.82 |0.69 0.50 |0.69 |0.68
12 best variables 0.82 091 |0.82 0.68 0.82 ]0.82
7 best variables 0.81 091 |0.84 0.68 0.83 ]0.82

Table 4. Accuracy of the logistic regression and machine learning model (ML cross-validation using leave-
one-site-out and the leave-one-person out method). PPV positive predictive value (the frequency true
vaccination willing among people all predicted to be vaccination willing), NPV negative predictive value (the
frequency true vaccination hesitant among all people predicted to be vaccination hesitant, BACbalanced
accuracy (the average of sensitivity and specificity), TACtotal unweighted accuracy.

0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2

0.1

Sensitivity Specificity TAC
mUK m®mUSA ®Australia ®Germany = Hong Kong

Figure 1. Accuracy of the leave-one-person-out cross validation of the all-variables-machine-learning model
by site.
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Model
Vaccination conspiracy beliefs excluded | Specific/general mistrust excluded

All variables included from model from model
Rank | Variable name Aacc | Variable name Aacc | Variable name Aacc
1 Vaccination conspiracy beliefs 0.238 | Pandemic paranoid conspiracy 0.139 | COVID anxiety 0.032
2 Pandemic persecutory threat 0.037 | Pandemic persecutory threat 0.033 | Age 0.017
3 Pandemic paranoia global score | 0.012 | Pandemic interpersonal mistrust | 0.012 | Positive beliefs about others 0.008
4 Low social rank 0.012 | Low social rank 0.007 | Primary source of information | 0.007
5 Pandemic interpersonal mistrust | 0.006 | Pandemic paranoia global score | 0.006 | Gender 0.007
6 COVID anxiety 0.006 | Age 0.006 | Negative beliefs about others 0.006
7 Age 0.006 | COVID anxiety 0.006 | Perceived risk of infection 0.005
8 Perceived risk of infection 0.005 | Positive beliefs about others 0.005 | Traumatic psychological abuse | 0.001
9 Annual income 0.002 | General conspiracy mentality 0.005 | Migrant status 0.000
10 General conspiracy mentality 0.001 | Ideas of reference (RGPTS) 0.004 | Traumatic emotional neglect 0.000

Table 5. Variable importance for the ten highest ranking variables across each model based permutation
feature importance. Aacc values indicate the mean decrease in accuracy over ten permutations of the respective
variable.
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Figure 2. Beeswarm plot of SHAP-calculation for the ten highest ranking variables. Variables are sorted

by their mean absolute SHAP value in descending order with most important variables at the top. Each dot
corresponds to one person in the study. The beeswarm plot shows how the different variable expressions of
each person affect the prediction of the ML model towards vaccine willingness. Positive SHAP values indicate a
change in the expected model prediction towards vaccine willingness. The plot is based on the ML model with
all variables included and leave-one-site-out-cross validation.

predictors were variables indicative of more general mistrust, particularly general conspiracy mentality but also
general paranoid ideation (total accuracy 73%, pseudo-R? 18%). In terms of demographics, we could confirm the
associations with vaccine hesitancy from prior studies (e.g. younger age, female gender, unemployment, living
in a larger city), except for migrant or minority status. Finally, it needs noting that the putative predictors varied
in the stability of their association with vaccine hesitancy across sites. Whereas all types of conspiracy beliefs,
positive beliefs about others, gender and (to a lesser degree) age showed consistent associations with vaccine
hesitancy in all sites, results for other variables were more heterogeneous. For example, living in a larger city
was associated with vaccine hesitancy in the UK, but with vaccine willingness in the USA. A right-wing political
orientation correlated with hesitancy in the UK, USA, Australia, and Germany, but with willingness in Hong
Kong. This pattern of findings suggests that while some putative driving factors of vaccine hesitancy, such as
conspiracy beliefs, could be common global factors, others seem to depend on the regional context.

Using machine learning, we were able to achieve a high prediction accuracy with balanced levels of sensitivity
and specificity and to find a parsimonious model with a sensitivity of 82% and a specificity of 78-82%, depending
on the type of cross-validation. This model confirmed the high predictive value of vaccine conspiracy beliefs and
other indicators of specific mistrust, but also used the perception of social rank, COVID anxiety and perceived
risk of infection, as well as demographic variables to optimize its prediction. Despite the high relevance of the
vaccine conspiracy beliefs, they were not essential to good prediction and could be compensated for by putting
more weight on COVID specific and general conspiracy beliefs, resulting in almost as good prediction accuracy.
In contrast, models that were not fed with any mistrust variables performed poorly.
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There was no drastic drop in the models’ prediction accuracy depending on the method of cross-validation.
Accurate test predictions were found both when we trained the model on all participants but one and tested it
on the remaining participant and when we trained it on the four sites before testing it on the fifth site. Accuracy
scores for the individual sites revealed considerable variation in the machine learning model’s performance, with
a comparatively low accuracy for the Hong Kong site in particular. It needs noting that in the Hong Kong sample
some correlations diverged from the total sample. Namely, there were no associations between perception of
COVID risk variables and vaccine willingness. The general prediction model, however, relied to a certain degree
on perception of COVID risk variables such as COVID anxiety. Thus, the drop in accuracy could be explained
by the difference in associations between risk perception and vaccine willingness. Possibly, the decision to vac-
cinate oneself in a more collectivistic culture such as Hong Kong?* is driven by factors of reducing the risk within
one’s immediate environment rather than just the risk for oneself”>. Another explanation is that the number of
indecisive participants was particularly large in the Hong Kong sample and the generalizability of our model is
limited to settings characterized by polarized opinion about vaccination (i.e., the predominant public dispute
on vaccination in Western societies).

A limitation of the study is that although respondents included diverse samples of the sites’ adult general
populations in terms of age, sex, and educational level, they are unlikely to be fully representative, limiting the
generalizability to the population. The percentages of those who declined participation varied across sites and the
reasons for declining as well as the demographic characteristics of dropouts are unknown. This needs to be kept
in mind especially when interpreting the point estimate of vaccine willingness or mean values and the distribu-
tion of predictors. Also, the sites do not reflect the global variability in cultures, thus the status of variables such
as conspiracy beliefs as common global predictors requires further validation in more heterogeneous samples of
countries. Another limitation is the cross-sectional nature of the design. Although the causal interpretation that
mistrust is driving vaccine refusal is tempting, we need to bear in mind that the opposite direction (e.g. vaccine
conspiracy could be a post hoc rationalisation of not wanting a vaccine for other reasons) is also a possibility
given that we only know that both co-vary at this point. Finally, it needs noting that vaccine willingness may
not accurately predict actual vaccine uptake, albeit the low willingness we found seems to be confirmed by the
hesitant uptake of the vaccines currently being rolled out®. The extent to which the machine learning model
predicting vaccine willingness holds up for predicting actual vaccine intake is also an issue for future research.

In sum, we found that by using only twelve variables (the combined most important variables from permuta-
tion feature importance and SHAP) we were able to achieve an 82% accuracy in predicting vaccine hesitancy,
with the most crucial factors being vaccination conspiracy beliefs and a lack of confidence in governments, com-
panies, and organizations in handling the pandemic (i.e., pandemic conspiracy beliefs). The reasons for this type
of societal mistrust are manifold?’, but have been found to include both individual societal experiences, such as
downward social mobility?® and the perception of past and present institutional misperformance®. Institutions
that do not perform well, be it by incompetence or elite misbehaviour and corruption, tend to generate distrust™.
People are more likely to attend to and believe information that aligns with their expectations (confirmation
bias)*!. Conspiracy theories align well with negative expectations that have resulted from previous experiences,
rendering them more likely to be believed. The high predictive value of vaccine conspiracy beliefs clearly cor-
roborates the efforts towards strategic approaches to detect and mitigate the impact of anti-vaccine activities on
social media*>*>%. However, given that our machine learning algorithm performed almost as well by relying
solely on other indicators of COVID specific, merely reducing or contradicting vaccine conspiracy information
might not be sufficient. Publicly provided vaccine information needs to take these other types of mistrust into
account. This could be done by providing information on the safety and effectiveness of the vaccine in a way
that enables the recipients to judge its validity for themselves and by complementing information campaigns by
policies aimed at regaining peoples’ trust in politicians, industry, science, and the medical profession.

Methods

Design & procedure. The design was a cross-sectional online-survey conducted in Hong Kong, Australia,
USA, United Kingdom, and Germany. The survey was programmed using the online-survey platform Qualtrics.
Participants were recruited using stratified quota sampling to ensure that each sample was quota sampled at each
site based on sex, age, and educational attainment. No further eligibility criteria were applied. Data were col-
lected between February and March 2021. We aimed for a sample size of 2500 taking into account the stratifica-
tion and number of sites, the large number of predictors, and expected small effect sizes of some of the putative
predictors. The survey took 25 min in total, beginning with informed consent, followed by socio-demographic
assessment and the questionnaire battery, of which further details have been reported elsewhere®. To prevent
missing data, participants were required to respond to all questions on each page before being able to continue.
The missing data was thus minimal and resulted from initial software errors (Missings were present for: “per-
ceived risk of infection™ 0.2%, n="7, “preferred sources of information™ 2.8%, n=72, and “social adversity”:
0.1%, n=3) or from a “don’t know” answering option (“size of the current home city”: 9.3%, n=234). Missing
values in these independent variables were imputed prior to the analyses using the k-Nearest-Neighbor algo-
rithm, with each missing value being imputed based on the unweighted mean of 3 related cases. Participants who
failed any of the attention checks, took shorter than half of the median completion time, or showed patterns of
machine responses or duplicate patterns of response were excluded.

All procedures were approved by each of the ethics committees of the institutions involved (i.e., (1) Royal
Holloway, University of London Research Ethics Committee, Reference No. 2368, (2) Care New England—Butler
Hospital Institutional Review Board, Reference No. 202012-002, (3) La Trobe University Human Research Ethics
Committee, Application No. HEC21012, (4) Local Ethics Committee, Universitit Hamburg, Application No.
2020_346, and (5) The Chinese University of Hong Kong Survey and Behavioural Research Ethics Committee
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Reference No. SBRE-20-233). This manuscript follows the STROBE statement for reporting of observational
studies.

Role of funding source. There was no funding source for this study.

Measures. Willingness to be vaccinated for COVID-19 was assessed with the following item: “If a COVID-19
vaccine was offered to you now, would you accept it?” The item was rated on a scale from 1 =“Definitely not” to
5="Yes, definitely”” adapted from Wong and colleagues™.

Sociodemographic data and related questions. Sociodemographic variables included age, sex
assigned at birth, and current gender (options: “male”, “female”, “trans-male”, “trans-female”, “genderqueer”, and
“other”), size of the current home city (rated in six categories form <100.000 to>10.000.000), highest educa-
tional degree achieved (rated in nine categories from elementary school degree to PhD), annual income (seven
categories from “under £18,500/US$24,999/18,000€” to “above £112,000/US$150,000/109,000€”), employment
status over the last year (nine categories), migrant status, minority status (five categories, each rated as present or
absent), and having a mental-health diagnosis.

Perception of COVID risk variables included (1) COVID-19 anxiety, (2) personal experiences with COVID-
19 in family members or friends, (3) perceived risk of infection, and (4) expected consequences of an infection.
Following Shevlin et al.** COVID-19 anxiety was assessed using the question “How anxious are you about the
coronavirus COVID-19 pandemic?” for which participants were provided with a ‘slider’ to indicate their degree
of anxiety with 0 =“not at all worried” and 100 = “very worried”. Personal experiences with COVID-19 in family
members or friends were assessed by the following item: “Someone who is close to me has had a COVID-19
virus infection confirmed by a doctor” rated with 1="yes” 0 =“no”. Perceived risk of a COVID-19 infection was
assessed with the item: “What do you think is your personal percentage risk of being infected with the COVID-
19 virus over the following time periods?” rated from 1=“no risk” to 11 = “great risk” for each time period (“the
next month’, “the next three months’, and “the next six months”). Similarly, the expected consequence of an
infection was assessed with “How bad do you think would be the consequences of you being infected with the
COVID-19 virus over the following time periods?” rated from 1 =“not too bad” to 11 = “very bad”. Mean scores
of perceived risk and expected consequences were calculated.

Political orientation was rated from 1="very left-wing” to 7 ="very right wing” and preferred sources of infor-
mation (“How do you find out about what is going on in the world?”) were rated from 1 = “always from main-
stream media” to 5 = “always from social media”'°.

Specific mistrust variables included (1) COVID-specific paranoid ideation and (2) vaccine conspiracy beliefs.
COVID-specific paranoid ideation was assessed with the Pandemic Paranoia Scale®, a 25-item scale assessing
paranoid thinking specifically related to the COVID-19 pandemic. It comprises a pandemic paranoia global score
and the three facets pandemic persecutory threat (15 items, e.g.: “People are deliberately trying to pass COVID-
19 to me”), pandemic paranoid conspiracy (six items, e.g.: “COVID-19 is a conspiracy by powerful people”), and
pandemic interpersonal mistrust regarding health measures (four items, e.g.: “I can’t trust others to stick to the
social distancing rules”). Participants answer on a scale from 0= “not at all” to 4="“totally”. Based on the data used
for this article, Kingston et al. ** reported good reliability (internal consistency: a=0.90, test-retest reliability:
0.60<r<0.78), factorial validity, and criterion validity. For this study, the three subscales and the global score
were calculated. Vaccine conspiracy beliefs were assessed by adapting the general 7-item Vaccine Conspiracy
Beliefs Scale”, a valid one-dimensional scale with high internal consistency. The adaptation involved referring
to COVID-19 vaccines specifically and using present tense (full item-list in supplement 1). Reliability in this
study was ¢ =0.97.

General mistrust variables included paranoid ideation and general conspiracy mentality. Paranoid ideation
was measured with the Revised Green Paranoid Thoughts Scale®®. This 18-item questionnaire assesses ideas of
reference and persecutory ideation over the past fortnight on two scales. Each item (e.g. “Certain individuals have
had it in for me”) is rated on a scale from 0= “not at all” to 4 =“totally”. Higher scores indicate higher levels of
paranoia. Reliability in this study was a=0.94 for ideas of reference and a =0.96 for persecutory ideation. General
conspiracy mentality was assessed with the Conspiracy Mentality Questionnaire®® an instrument designed to
efficiently assess differences in the generic tendency to engage in conspiracist ideation within and across cultures.
A one-dimensional and time-stable construct has been confirmed across several language versions. It consists
of five statements (e.g. “Many very important things happen in the world, which the public is never informed
about”) that are rated in terms of their likeliness on scale from 0="“0% chance” to 11 = “100% chance”. Reliability
in this study was «=0.91.

Social adversity was screened alongside socio-demographic variables with a four item self-report questionnaire
used by Jaya and colleagues?'. The items consisted of yes/no questions covering emotional neglect, psychological
abuse, physical abuse, and sexual abuse (e.g., “were you ever approached sexually against your will?”).

Generalized beliefs about self, others, and one’s own social rank were assessed with the Brief Core Schema
Scales (BCSS)* and the Social Comparison Scale (SCS)*'. The BCSS assesses negative and positive beliefs about
oneself and others on four subscales of six items, respectively (e.g., “Other people are bad”) that are rated as yes
versus no. For each yes-response the degree of conviction is assessed on a scale from 1="“no, do not believe it”
to 5= "“yes, believe it totally”. Reliability for the subscales in the current study ranged from a=0.85 to a=0.90.
The SCS consists of 11 bipolar items that ranged from 0 to 10 (e.g., inferior-superior, left out-accepted) that are
rated over the past four weeks. Lower scores indicate a more negative view of the self in comparison with others.
Reliability in this study was «=0.95.

An extended overview of all predictors including reliability scores by site can be found in supplement 1.

Scientific Reports |

(2022) 12:2055 | https://doi.org/10.1038/s41598-022-05915-3 nature portfolio



www.nature.com/scientificreports/

Analyses. Statistical analyses were conducted with SPSS 222, For all main analyses, a dichotomized variable
vaccine willingness (i.e. “definitely” or “probably” getting vaccinated) versus vaccine hesitancy (“definitely not”
or “probably not” getting vaccinated) was used as dependent variable. The mid-category of “possible” willing-
ness was left out for the main analyses for two reasons. One was that its sample size was relatively small, further
complicating any efforts to balance classes in machine learning algorithms. The other was that the category could
not be unambiguously sorted into the willingness or hesitancy category. This lead to a final analysed sample of
n=2116.

First, we calculated point-biserial correlations for all predictor variables. Next, we calculated multifactorial
logistic regression models for each of the variable clusters (1) extended socio-demographic data, (2) perception
of COVID risk, (3) political mindedness, (4) specific mistrust, (5) general mistrust (5) interpersonal trauma,
and (6) beliefs about the self, others, and social rank in order to identify the most influential variables compare
the accuracy of identifying vaccine willingness vs. hesitancy for each of these different predictor types. In a final
regression model, all variables were entered to evaluate the overall accuracy of a regression based approach and
to identify the driving factors of vaccine willingness vs. hesitancy. Metric variables were z-standardized to allow
for a comparison of odds ratios. All significance tests for correlations and predictors in regression models were
two-tailed tests.

Next, to further testing for optimization of prediction accuracy, we established a machine learning algorithm
using all assessed variables. Calculation of machine learning models were carried out in Python 3.8.6 with the
packages scikit-learn 0.23.2%%, as well as Numpy, Pandas and imblearn. For all tested models we used random
forest classifiers because the random forest algorithm can model non-linear relationships and complex interac-
tions between variables without pre-specification. Random-forest was thus chosen as the best possible trade-off
between potential complexity of the generated model (other approaches such as logistic regression or lasso/ridge
regression require to pre-specify the relationship between independent and dependent variables) and practicabil-
ity given our sample size (other models capable of modelling complex interactions, e.g., neural networks, require
larger datasets to be accurately computed).

All ML-model calculations started with a hyperparameter tuning on a class-balanced version of the dataset
first (see supplement 3 for details). Next, we chose the hyperparameter configuration that had the best testing
accuracy and evaluated model performance by leave-one-site-out cross validation and by leave-one-person-out
cross validation®. Finally, we used the calculated machine learning model to evaluate the predictive value of the
individual variables. We used SHapley Additive exPlanations (SHAP*!) and permutation feature importance*
(see supplement 4 for details) to estimate the importance of each variable in a given model. This allowed for
the selection of the highest ranking variables to test whether subsequent smaller machine learning models that
use only a small selection of questionnaires retain accuracy. Furthermore, it allowed for the elimination of the
highest ranking variables/variable cluster to further explore their absolute relevance (i.e., whether they could be
compensated for by other predictors).

Data availability

The study protocol, statistical analysis plan, and the machine learning code for implementation of the models
will be made available on OSF immediately following publication. Agreement of the national ethic boards who
approved the study will be required for any sharing of individual participant data. Aggregated data will be pro-
vided for meta-analyses upon request to the first author.

Received: 16 August 2021; Accepted: 19 January 2022
Published online: 08 February 2022

References
1. Sallam, M. COVID-19 vaccine hesitancy worldwide: A concise systematic review of vaccine acceptance rates. Vaccines 9, 160
(2021).
2. Bono, S. A. et al. Factors affecting COVID-19 vaccine acceptance: An international survey among low- and middle-income coun-
tries. Vaccines 9, 515 (2021).
3. Lazarus, J. V. et al. A global survey of potential acceptance of a COVID-19 vaccine. Nat. Med. 20, 1-4 (2020).
4. Neumann-Bohme, S. et al. Once we have it, will we use it? A European survey on willingness to be vaccinated against COVID-19.
Eur. J. Health Econ. 21, 977-982 (2020).
5. Wong, M. C. S. et al. Acceptance of the COVID-19 vaccine based on the health belief model: A population-based survey in Hong
Kong. Vaccine. https://doi.org/10.1016/j.vaccine.2020.12.083 (2021).
6. Anderson, R. M., Vegvari, C., Truscott, J. & Collyer, B. S. Challenges in creating herd immunity to SARS-CoV-2 infection by mass
vaccination. Lancet 396, 1614-1616 (2020).
7. Britton, T., Ball, F. & Trapman, P. A mathematical model reveals the influence of population heterogeneity on herd immunity to
SARS-CoV-2. Science 369, 846-849 (2020).
8. Hodgson, D, Flasche, S., Jit, M. & Kucharski, A. J. Group CC-19 W. The potential for vaccination-induced herd immunity against
the SARS-CoV-2 B117 variant. Eurosurveillance 26, 2100428 (2021).
9. MacDonald, N. E. SAGE Working Group on Vaccine Hesitancy. Vaccine hesitancy: Definition, scope and determinants. Vaccine
33,4161-4164 (2015).
10. Allington, D., Duffy, B., Wessely, S., Dhavan, N. & Rubin, J. Health-protective behaviour, social media usage and conspiracy belief
during the COVID-19 public health emergency. Psychol. Med. 2020, 1-7 (2020).
11. Ebrahimi, O. V. et al. Risk, trust, and flawed assumptions: Vaccine hesitancy during the COVID-19 pandemic. Front. Public Health.
https://doi.org/10.3389/fpubh.2021.700213 (2021).
12. Freeman, D. et al. COVID-19 vaccine hesitancy in the UK: The Oxford coronavirus explanations, attitudes, and narratives survey
(Oceans) II. Psychol. Med. 2021, 1-15 (2021).
13. Pogue, K. ef al. Influences on attitudes regarding potential COVID-19 vaccination in the United States. Vaccines 8, 582 (2020).
14. Rhodes, A., Hoq, M., Measey, M.-A. & Danchin, M. Intention to vaccinate against COVID-19 in Australia. Lancet Infect. Dis.
https://doi.org/10.1016/S1473-3099(20)30724-6 (2020).

Scientific Reports |

(2022) 12:2055 | https://doi.org/10.1038/s41598-022-05915-3 nature portfolio


https://doi.org/10.1016/j.vaccine.2020.12.083
https://doi.org/10.3389/fpubh.2021.700213
https://doi.org/10.1016/S1473-3099(20)30724-6

www.nature.com/scientificreports/

15.

16.

17.

18.

19.

20.

21.

22.
23.

24.
25.

26.
27.
28.
29.
30.
31.
32.
33.
34.
35.
36.
37.
38.
39.
40.
41.
42.
43.

44,

45.

Malik, A., McFadden, S., Elharake, J. & Omer, S. B. Determinants of COVID-19 vaccine acceptance in the US. EClinicalMedicine
26, 100495-100495 (2020).

Peretti-Watel, P. et al. A future vaccination campaign against COVID-19 at risk of vaccine hesitancy and politicisation. Lancet.
Infect. Dis 20, 769-770 (2020).

Murphy, J. et al. Psychological characteristics associated with COVID-19 vaccine hesitancy and resistance in Ireland and the United
Kingdom. Nat. Commun. 12, 29 (2021).

Brewer, N. T. et al. Meta-analysis of the relationship between risk perception and health behavior: the example of vaccination.
Health Psychol 26, 136-145 (2007).

Schmid, P, Rauber, D., Betsch, C., Lidolt, G. & Denker, M.-L. Barriers of influenza vaccination intention and behavior - A systematic
review of influenza vaccine hesitancy, 2005-2016. PLoS ONE 12, 0170550 (2017).

Yarkoni, T. & Westfall, J. Choosing prediction over explanation in psychology: Lessons from machine learning. Perspect. Psychol.
Sci. 12, 1100-1122 (2017).

Jaya, E. S., Ascone, L. & Lincoln, T. M. Social adversity and psychosis: The mediating role of cognitive vulnerability. Schizophr.
Bull. 43, 557-565 (2017).

Wise, J. Covid-19: How AstraZeneca lost the vaccine PR war. BMJ 373, n921 (2021).

Bloomfield, P. S., Magnusson, J., Walsh, M. & Naylor, A. Communicating public health during COVID-19, implications for vaccine
rollout. Big Data Soc. 8, 20539517211023536 (2021).

Hofstede, G. National Culture—Hofstede Insights. https://www.hofstede-insights.com/models/national-culture/. (2010).

Li, K.-K,, Chan, M. W. H,, Lee, S. S. & Kwok, K. O. The mediating roles of social benefits and social influence on the relationships
between collectivism, power distance, and influenza vaccination among Hong Kong nurses: A cross-sectional study. Int. J. Nurs.
Stud. 99, 103359 (2019).

Dyer, O. Covid-19: Vaccine doses expire in US as uptake falls by 68%. BM] 373, n1536 (2021).

Delhey, J. & Newton, K. Who trusts?: The origins of social trust in seven societies. Eur. Soc. 5, 93-137 (2003).

Daenekindt, S., van der Waal, J. & de Koster, W. Social mobility and political distrust: cults of gratitude and resentment?. Acta
Polit. 53, 269-282 (2018).

Mishler, W. & Rose, R. What are the origins of political trust?: Testing institutional and cultural theories in post-communist socie-
ties. Comp. Pol. Stud. 34, 30-62 (2001).

Torcal, M. The decline of political trust in Spain and Portugal: Economic performance or political responsiveness?. Am. Behav.
Sci. 58, 1542-1567 (2014).

Knobloch-Westerwick, S., Mothes, C. & Polavin, N. Confirmation bias, ingroup bias, and negativity bias in selective exposure to
political information. Commun. Res. 47, 104-124 (2020).

Commissioners of the Lancet Commission on Vaccine Refusal, Acceptance, and Demand in the USA. Announcing the Lancet
commission on vaccine refusal, acceptance, and demand in the USA. Lancet 397, 1165-1167 (2021).

Cardenas, N. C. ‘Europe and United States vaccine hesitancy’: Leveraging strategic policy for ‘infodemic’ on COVID-19 vaccines.
J. Public Health https://doi.org/10.1093/pubmed/fdab228 (2021).

Kingston, J. L. et al. The pandemic paranoia scale (PPS): Factor structure and measurement invariance across languages. Psychol.
Med. 2021, 1-33 (2021).

Wong, L. P, Alias, H., Wong, P.-F, Lee, H. Y. & AbuBakar, S. The use of the health belief model to assess predictors of intent to
receive the COVID-19 vaccine and willingness to pay. Hum. Vaccin. Immunother. 16, 2204-2214 (2020).

Shevlin, M. et al. COVID-19-related anxiety predicts somatic symptoms in the UK population. Br. J. Health. Psychol. 25, 875-882
(2020).

Shapiro, G. K., Holding, A., Perez, S., Amsel, R. & Rosberger, Z. Validation of the vaccine conspiracy beliefs scale. Papillomavirus
Res. 2,167-172 (2016).

Freeman, D. et al. The revised Green et al., paranoid thoughts scale (R-GPTS): Psychometric properties, severity ranges, and clinical
cut-offs. Psychol. Med. 2019, 1-10 (2019).

Bruder, M., Haftke, P,, Neave, N., Nouripanah, N. & Imhoff, R. Measuring individual differences in generic beliefs in conspiracy
theories across cultures: Conspiracy mentality questionnaire. Front. Psychol. https://doi.org/10.3389/fpsyg.2013.00225 (2013).
Fowler, D. et al. The Brief Core Schema Scales (BCSS): Psychometric properties and associations with paranoia and grandiosity
in non-clinical and psychosis samples. Psychol. Med. 36, 749-759 (2006).

Allan, S. & Gilbert, P. A social comparison scale: Psychometric properties and relationship to psychopathology. Pers. Individ. Differ.
19, 293-299 (1995).

IBM Corp. SPSS Statistics for Windows, Version 22.0. (IBM Corp., 2013).

Pedregosa, E et al. Scikit-learn: Machine learning in Python. J. Mach. Learn. Res. 12, 2825-2830 (2011).

Lundberg, S.M., & Lee, S.-1. A unified approach to interpreting model predictions. in Proceedings of the 31st International Confer-
ence on Neural Information Processing Systems. Curran Associates Inc., Red Hook. 4768-4777 (2017).

Breiman, L. Random forests. Mach. Learn. 45, 5-32 (2001).

Author contributions

TM.L, B.A.G,, S.H.S., ].K,, and L.E. conceived the study. T.M.L. reviewed the literature. T.M.L., B.A.G., S.H.S.,
J.K., and L.E. administered the study and obtained the data. B.S. and ES. analyzed the data. All authors interpreted
the results. T.M.L. drafted the manuscript and all other authors reviewed and edited the manuscript. T.M.L., B.S.
and ES. accessed and verified the underlying data.

Funding
Open Access funding enabled and organized by Projekt DEAL. There was no funding source for this study.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/
10.1038/541598-022-05915-3.

Correspondence and requests for materials should be addressed to T.M.L.

Reprints and permissions information is available at www.nature.com/reprints.

Scientific Reports |

(2022) 12:2055 | https://doi.org/10.1038/s41598-022-05915-3 nature portfolio


https://www.hofstede-insights.com/models/national-culture/
https://doi.org/10.1093/pubmed/fdab228
https://doi.org/10.3389/fpsyg.2013.00225
https://doi.org/10.1038/s41598-022-05915-3
https://doi.org/10.1038/s41598-022-05915-3
www.nature.com/reprints

www.nature.com/scientificreports/

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

= License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2022

Scientific Reports|  (2022)12:2055 | https://doi.org/10.1038/s41598-022-05915-3 nature portfolio


http://creativecommons.org/licenses/by/4.0/

	Taking a machine learning approach to optimize prediction of vaccine hesitancy in high income countries
	Results
	Sample characteristics. 
	Prevalence of vaccine willingness. 
	Prediction of vaccine willingness using regression. 
	Prediction of vaccine willingness using machine learning. 
	Exploratory analyses including vaccination-indecisive participants. 

	Discussion
	Methods
	Design & procedure. 
	Role of funding source. 
	Measures. 
	Sociodemographic data and related questions. 
	Analyses. 

	References


