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ABSTRACT

Designing effective public health campaigns to combat COVID-19 vaccine hesitancy requires an under-
standing of i) who the vaccine hesitant population is, and ii) the determinants of said population’s hesi-
tancy. While researchers have identified a number of variables associated with COVID-19 vaccine
hesitancy that could inform such campaigns, little is known about the cumulative or relative predictive
power of these factors. In this article, we employ a machine learning model to analyze online survey data
collected from 3353 respondents. The model incorporates an array of variables that have been shown to
impact vaccine hesitancy, allowing us to i) test how well we can predict vaccine hesitancy, and ii) com-
pare the relative predictive impact of each covariate. The model allows us to correctly classify individuals
that are vaccine acceptant with 97% accuracy, and those that are vaccine hesitant with 72% accuracy.
Trust in and knowledge about vaccines is, by far, the strongest predictor of vaccination choice. While
our results demonstrate that public health campaigns designed to increase vaccination rates must find
a way to increase public trust in COVID-19 vaccines, our results cannot speak to the malleability of such

beliefs, nor how to enhance trust.

© 2022 Elsevier Ltd. All rights reserved.

1. Introduction

Public health experts agree that mass vaccination is essential
for mitigating and eventually ending the destructive COVID-19
pandemic. While the majority of US residents have been vacci-
nated (as of 1/23/2022, 76.0% have received at least one dose), vac-
cine supply currently outpaces demand, leaving a substantial
portion of the population voluntarily unprotected [1]. Such trends
bolster long held concerns from the public health community that
delay in the acceptance and/or outright refusal of vaccinations—
what is commonly referred to as “vaccine hesitancy” [2]—could
prove deleterious for the US’ COVID-19 mitigation efforts, making
herd immunity difficult to achieve [3,4].

Research demonstrates that public health campaigns that are
able to i) target the vaccine hesitant population, and ii) effectively
address the root causes of hesitancy could provide a powerful tool
for US COVID-19 mitigation efforts [5]. Whereas researchers have
identified a wide array of demographic, political, psychological,
and health-based variables associated with vaccine hesitancy that
could be used to inform such campaigns [6-11], to date, no study
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has (to our knowledge) analyzed the relative importance of such
factors. Research identifying (and rank ordering) the factors most
predictive of hesitancy could help inform the development of pub-
lic health campaigns by demonstrating which areas might be fruit-
ful to target [5]. That said, it is important to note that some
features that predict hesitancy may not be receptive to public
health interventions. Those developing public health campaigns
should carefully consider both i) how important specific features
are at predicting hesitancy, and ii) the malleability of those
features.

In this study, we use survey data collected from 3353 US adults
to create a predictive model of COVID-19 vaccine hesitancy. We
use a machine learning based approach, gradient boosting, to pre-
dict whether an individual is vaccine hesitant or acceptant, and in
doing so, identify i) how accurately the model can predict hesi-
tancy, ii) the relative importance of the included variables in pre-
dicting hesitancy, and iii) the direction of such effects. While the
model allows us to correctly predict whether an individual is vac-
cine hesitant or acceptant with 91% accuracy, it exhibits stronger
performance in classifying vaccine acceptant (relative to vaccine
hesitant) individuals. Here, we correctly classify individuals that
are vaccine acceptant with 97% accuracy, and those that are
vaccine hesitant with 72% accuracy. Results demonstrate that trust
in and knowledge about vaccines is, by far, the most important
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predictor of vaccine choice. An array of additional factors improve
prediction accuracy: notably, age, and the belief that COVID-19
poses a significant risk to one’s health, and the health of others
in one’s network.

2. Material and methods
2.1. Data collection

The goal of this study is to build a model capable of predicting
whether an individual is “vaccine hesitant” or “vaccine acceptant”,
and in turn, identify the variables most predictive of vaccine
choice. To do so, we utilize data collected from an online survey
of American adults. The web-based survey panel provider, Qual-
trics, was commissioned to i) recruit the online panel, ii) dissemi-
nate the survey, and iii) screen out low-quality responses.
Individuals in the Qualtrics database are recruited by the firm,
and then choose to opt in or out of the survey: information is only
collected from (and known for) consenting participants.

The use of online samples recruited from survey firms is advan-
tageous in that it allows researchers to quickly identify and recruit
panel participants: a necessary condition for the study of emerging
and rapidly changing phenomena. That said, such samples—rela-
tive to probability based samples drawn from the broader popula-
tion—can potentially result in selection bias if those who are
recruited for and/or opt into the survey are not representative of
the general population. Recent research, however, demonstrates
that on average, panels from survey firms in the US (such as Qual-
trics) i) are largely representative of the US population (at least on a
number of studied features—12), and ii) respond to stimuli (e.g.,
experimental treatment) in a manner consistent with 2019 sam-
ples drawn from nationally representative, probability samples
[13]. While some concerns have been raised about the age, sex,
and race based disparities between Qualtrics respondents and
the US population, such errors can often be corrected through sur-
vey weights and/or established quotas [12].

Our data was collected in two waves. The original sample con-
sisted of responses collected from 12,037 US adults between 8/7-
9/7/2020 (well before the vaccine rollout), and utilized a quota
sampling procedure, with quotas assigned by race, age, gender,
and census statistical division (see 15 for more). While the first
wave respondents are largely representative of the US population,
it is possible that there are key, unmeasured differences. For
instance, it is possible that the topic of the survey encouraged
responses from a subset of the population, and deterred others.
Given that we do not have information on non-respondents, we
cannot test or correct for this. However, given that our goal is to
predict hesitancy, not assess the average amount of hesitancy in
the US population, selection issues are only a concern if the factors
that impact hesitancy among those in our sample are fundamen-
tally different from those that predict hesitancy in the general pop-
ulation [14]. While possible, past research in other contexts has
shown that this is not often the case [13].

All respondents were resampled between 3/2-3/19/2022, with
3353 responding. Questions pertaining to vaccine hesitancy were
only included in wave 2, and thus, only those responses are used
in this study. Table P3-a in the Appendix contains descriptive
statistics on all variables used across waves 1 and 2. Note that
(as detailed in Part 3 of the Appendix) non-random attrition
between waves occurred. In the Alternative Specification subsection
(proceeding our main analysis), we demonstrate that such attrition
is likely not meaningfully impacting our results.

This study was reviewed by the University of Cincinnati Institu-
tional Review Board, receiving an exempt determination (IRB
#000003152). The survey instrument, data files, and R code used
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in this analysis can be found in the Harvard Dataverse Repository
[https://doi.org/10.7910/DVN/GJVWYF].

2.2. Outcome measure

Following the SAGE Working Group on Vaccine Hesitancy, we
define vaccine hesitancy as “delay in acceptance or refusal of vac-
cination despite availability of vaccination services” (2, p. 4163). To
operationalize this, respondents were asked i) if they had already
received at least one dose of any COVID-19 vaccine, and if not ii)
whether they planned on getting it in the future. Our dependent
variable—Vaccine Hesitant—takes a value of 0 when a respondent
had either i) already received one dose of the vaccine or ii) indi-
cated that they planned on getting it “as soon as possible”. Vaccine
Hesitant takes a value of 1 if the respondent i) had not yet received
a vaccine, and ii) indicated that they were either a) unsure about
getting the vaccine, b) planning to wait to get the vaccine, or iii)
refusing to get the vaccine. Fig. 1 presents the distribution of vac-
cination status and hesitancy among the unvaccinated. As shown,
roughly 44.4% of our sample had received at least one dose, which
was ~6.7% higher than the national average for US adults at the
time [1]. Of the 1873 adults in our sample that had not yet received
a vaccine, 56.1 % indicated that they were vaccine acceptant,
whereas 43.9% indicated that they were vaccine hesitant.

2.3. Predictor variables: trust in & knowledge about vaccines

Trust in and knowledge about the safety and efficacy of vaccines
are significant predictors of vaccine acceptance [6,16-18]. To
account for this, we rely on a Vaccine Trust Index. To create the
index, respondents were asked the extent to which they agree that
“the vaccine is safe”, “the vaccine is effective” and “the public has
been provided with enough information about the coronavirus
vaccine”: values range from 0 to 10, where 0 indicates complete
disagreement, and 10 indicates complete agreement. The final
index takes the mean value of the three responses. The questions
exhibited a high degree of internal consistency (alpha = 0.946),
thus justifying the use of an index. We also include the variable
Natural Science Literacy which captures how scientifically literate
an individual is, as we expect this to impact how they process
and interpret vaccine information. To construct the variable, we
asked respondents to correctly answer a number of natural science
based trivia questions': values range from 0 to 1, where 0 = zero
percent correct and 1 = 100 percent correct.

2.4. Predictor variables: trust in science & science communication

Recent findings suggest that trust in science—in particular,
one’s level of trust that scientific research and communication is
not tainted by politics—impacts COVID-19 related beliefs [15,19-
21]. The variables Trust Science Community and Trust Science Apolit-
ical capture the extent to which i) respondents have confidence in
the scientific community (broadly), and ii) are confident political
biases do not impact scientific research. The variables Trust Science
Politicians and Trust Science Media capture the extent to which a
respondent believes that politicians and the media can be trusted
to appropriately use and accurately communicate scientific find-
ings. Values for all aforementioned variables range from O to 10,

! The following “true or false” questions (which are primarily drawn from the
General Science Survey) were asked: “all radioactivity is man-made” (F); “the sun
revolves around the earth” (F); “the continents on which we live have been moving
their locations for millions of years and will continue to move in the future” (T); “the
center of the earth is very hot” (T); “antibiotics kill bacteria and viruses” (F); “vaccines
help develop immunity to disease (T)".
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Fig. 1. Vaccination and Hesitancy Status.

with higher values indicating greater trust.? Finally, we adjust for
general levels of trust in the media through the variable, Trust Media,
which indicates how often a respondent can trust media to “do what
is right”: values range from 0 to 10 where 0=“Never” and
10="Always”.

2.5. Predictor variables: political affiliation & beliefs

Research shows that political discourse in the Unites States
has shaped attitudes towards vaccinations, with Republicans—
especially those supportive of former President Donald Trump
and white Christian evangelicals®>—exhibiting greater suspicion
towards COVID vaccinations [22,23]. The variable Party ID captures
respondents’ political affiliation (1 = Democrat; 2 = Independent;
3 = Libertarian; 4 = Republican; 5 = other) whereas Biden and
Trump capture their support for the current and previous President
(0 = No; 1 = Yes). The variables Trust National, Trust State, and Trust
Local capture the extent to which a respondent trusts each of the

2 To create these variables, respondents were asked the extent to which they agree
that: i) they have “a great deal of confidence in the people running the scientific
community”; ii) “a lot of research conducted by scientists is driven by their political
motives”; iii) “politicians often skew and misrepresent scientific findings to promote
their own interests”; “The news media often skews and misrepresents scientific
findings to promote their own interests”. Values range from 0 to 10, where
O=complete disagreement, and 10=complete agreement. Responses to statements ii,
iii, and iv were then reverse coded (|10-value|) so that each measure (i-iv) indicates
greater trust.

3 White Christian evangelicals are a key part of the conservative Republican
coalition in the US. We include this group not because of their religious beliefs, but
because evangelicals are often characterized as vaccine hesitant in media coverage of
vaccine debates.
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respective levels of government to do “what is right” (0-10;
0="Never” Trust; 10="Always” Trust). Finally, we include the vari-
able PS Index which captures how “politically sophisticated” [24]
or knowledgeable an individual is, by gauging their ability to cor-
rectly answer several political trivia questions®: (0-1; 0 = zero per-
cent correct; 1 100 percent correct). The variable Evangelical
captures whether an individual identifies as a Christian Evangelical
(=1) or not (=0).

2.6. Predictor variables: comfort in a healthcare setting

One’s level of comfort in a healthcare setting can impact one’s
willingness to undergo medical procedures including (but not
limited to) vaccinations [6,25]. We account for this with the vari-
ables Doctor Comfort and Fear Needles. The variables capture the
extent to which a respondent agrees that they “feel comfortable
going to the doctor” and “are afraid of needles”. Values range
from O to 10, where 0 = complete disagreement and 10 = complete
agreement.

4 Respondents were asked the following multiple-choice questions: “Which
position does Mike Pence currently hold? (Attorney General; Vice President®; Not
Sure); Which party currently has the most members in the US House of Represen-
tatives in Washington DC? (Democrats*; Republicans; Not Sure); The system of
government where power is divided between a national and regional governments is
called what? (Federal system*; Mixed system; Not sure); On which of the following
does the US federal government currently spend the least? (Foreign Aid*; Social
Security; Not sure); Which levels of government are primarily charged with funding
public schools? (National and State governments; State and local governments*; Not
sure); Which level of government is primarily responsible for setting zoning policies
and building codes? (National government; Local governments*)
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2.7. Predictor variables: risk associated with catching & spreading
COVID-19

Risk has long been acknowledged as a “core concept in theories
of health behavior” [26,p. 136]. As related to vaccinations, findings
suggest that those who perceive themselves to be and/or objec-
tively are i) at a greater risk of catching the illness, ii) vulnerable
to severe illness, and/or iii) likely to pass on the illness (if infected)
to others who are vulnerable to severe illness, are more likely to
get vaccinated [21,27]. Perceived Risk captures the extent to which
an individual agrees that the coronavirus “poses a serious risk to
my health”. Perceived Network Risk captures the extent to which
they agree it “poses a serious risk to those with whom [they] reg-
ularly interact” (0-10 scale where 0 = complete disagreement and
10 = complete agreement).

We include an array of variables that capture factors associated
with severe virus-related illness, including Age (in years), as well as
eight variables that identify whether an individual has any of the
following conditions®: pregnancy; asthma; lung disease; diabetes;
immune disorder; obesity; heart problems; liver or kidney prob-
lems.® Finally, we include variables that capture the chances of get-
ting infected by modeling whether they have already been infected
(Infected Personal: 0 = No; 1 = Yes), whether someone in their imme-
diate network has been infected (Infected Network: 0 = No; 1 = Yes),
the proportion of people in the county in which they reside that have
been infected (County Cases), the proportion of people in their county
that have been infected in the past two weeks (County Cases 2wk),
and the population density of their county (County Density).”

2.8. Predictor variables: mental and financial health based incentives

We anticipate that financial and mental health-based incentives
could play a large role in motivating vaccine acceptance/hesitancy.
We capture this with three variables: Pandemic Impact; Pandemic
Impact Network; Vaccine Required. Respondents were asked the
extent to which i) their financial health and ii) their mental health
was impacted by the pandemic (0-10, where 0 =“major negative
impact” and 10="major positive impact”): Personal Impact takes
the mean value of these responses. Pandemic Impact Network is
captured in the same manner, but in relation to people they “con-
sider close”. Vaccine Required captures whether an “employer,
school, or other entity” requires that they get the vaccination
(1 = Yes; 0 = No or Unsure).

2.9. Predictor variables: demographics

Finally, we account for a number of demographic variables that
have been shown to influence COVID-19 related vaccine hesitancy
[28,29]: Race (1 = white; 2 = Black; 3 = Hispanic; 4 = other); Male

5 Variable names are: Condition Pregnancy; Condition Asthma; Condition Lung;
Condition Diabetes; Condition Immune; Condition Obesity; Condition Heart; Condi-
tion Organ.

6 Note that our reliance on self-reported measures capture whether an individual
believes that they have a condition, which may contradict the opinion of a medical
provider. For instance, while only 10% of our round 2 sample indicates being obese, it
is likely much higher. Here, obese individuals may i) have a different conceptualiza-
tion of what constitutes obesity, or ii) given the social stigma surrounding it, be less
likely to self-report as obese. As such, our analysis will reveal how one’s perceptions
of their own health conditions impact their vaccine choice (as opposed to the effect of
the actual condition).

7 Respondents were asked to provide their zip code from which county and state
identifiers were extracted. County case data comes from the New York Times
coronavirus case database (https://github.com/nytimes/covid-19-data). Data on pop-
ulation density comes from 2018 Census American Community Survey (5 year)
estimates.
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(0=No; 1 =Yes); College Degree (1 = Yes; 0 = No); Household Income
(1-12)8

2.10. Statistical model

We apply a gradient boosting (GB—also known as boosted trees)
model to analyze the collected data and predict respondents’ deci-
sions on vaccine choice. GB is a supervised learning algorithm that
predicts an outcome of interest based on an ensemble of weak pre-
diction models. Given that our outcome variable is dichotomous,
our GB model iteratively estimates a series of classification trees.
Each model integrates information obtained from previously esti-
mated trees, searching for an additive model that reduces the loss
function [30,31]. Each model is adjoined to the previous model,
and the process continues for a number of iterations. As the model
seeks to repeatedly minimize the loss function, the overall predic-
tion accuracy of the model increases with each iteration. GB uses
individual trees as a base learner and the final prediction is based
on an ensemble of models. As opposed to other, more commonly
employed ensemble learning methods (namely, random forests)—
where i) all trees are created independently by only including a ran-
dom subset of predictor variables, ii) each tree is created to have
maximum depth, and iii) each tree contributes equally to the final
model—the trees in GB are contingent on past trees, have minimum
depth, and contribute unequally to the final model.

In supervised machine learning, the dataset is split into two
sets: a “training set” and a “test set”. The training set (which con-
tains the bulk of the data) allows for the algorithm to learn which
variables are important and how. Using this information, the algo-
rithm is then used to “predict” the expected value of the dependent
variable (in our case, 0 or 1) in the “test set”, conditional on the
observed values of the predictor variables. The observations in
the test set are also known as out-of-sample/validation set obser-
vations. In our data, 789 of the 3353 observations compose the test
set: the remaining observations compose the training set.

The analysis is conducted in R using “Tidymodels” and “xgboost”
packages for modeling and tuning purposes and “vip” and “pdp”
packages for model interpretability.® Table 1 reports the confusion
matrix and performance metrics of our model for the validation/test
set observations. Overall, our model predicts whether a respondent
is vaccine hesitant or vaccine acceptant with 91% accuracy. That said,
the model better predicts vaccine acceptant individuals: as demon-
strated by the sensitivity and specificity metrics, our model accurately
predicts vaccine acceptant individuals with 97 % accuracy, and vac-
cine hesitant individuals with 72% accuracy. Accordingly, the area
under the receiver operating characteristic curve (ROC-AUC) is 93%.'°

8 Values are: <§10,000 (=1); $10,000-$19,999 (=2); $20,000-$29,999 (=3); $30,000-
$39,999 (=4); $40,000-$49,999 (=5); $50,000-$59,999 (=6); $60,000-$69,999 (=7);
$70,000-$79,999 (=8); $80,000-$89,999 (=9); $90,000-$99,999 (=10); $100,000-$149
,999 (=11); >$150,000 (=12)

9 After splitting the dataset into training and testing sets (75% training set — 25%
test set), the model is built by using “tidymodels” and “xgboost” packages and using
“xgboost” engine on the training set. Performance metrics on the out of bag sample is
calculated, then, 10-fold cross validation is applied, and prediction accuracy metrics
(accuracy, ROC-AUC) are re-assessed. To optimize the predictive performance, the
model is tuned to find the optimal “tree_depth”, “learn_rate”, and “sample_size”.
After tuning, the optimum model parameters are applied to the model and
performance metrics (accuracy, sensitivity, specificity, and ROC-AUC) are calculated
in the test set. Please see pages 2-4 in the Appendix for full details regarding how our
analysis was performed. Also note that all data and code needed to replicate our
analysis can be found on corresponding Harvard Dataverse site [https://doi.org/10.
7910/DVN/GJVWYF].

10 The receiver operator characteristic (ROC) curve is a performance metric for
binary classification models. It is a probability curve that plots the true positive rate
against the false positive rate at various threshold values. The area under the curve
(AUC) is the measure of the ability of a classifier to make a distinction between
outcome values and is used as a summary of the ROC curve. Essentially, higher AUCs
signify a better prediction between the positive and negative classes.
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Table 1
Confusion Matrix and Performance Metrics of Boosted Tree Model.
Real Output
Prediction Vaccine Acceptant (0) Vaccine Hesitant (1)
Acceptant (0) 580 53
Hesitant (1) 20 136
Accuracy 0.91
Sensitivity 0.97
Specificity 0.72
ROC-AUC 0.93

2.11. Variable importance and direction

GB allows us to determine the extent to which each included
covariate contributes to predicting the outcome variable. Fig. 2
presents a variable importance plot (VIP), showing the accuracy
loss associated with excluding each variable from the GB model.
The gain built-in feature of xgboost package calculates the variable
importance based on the relative impact of the specific feature to
the model, calculated by taking each feature’s contribution for each
tree in the GB model. For result interpretability (considering the
number of covariates included in the model) only the top 10 most
important predictors are included. In Figure P1-b in the Appendix,
we include VIP that considers the top 30 predictors. To better illus-
trate the importance of the features, we rescale importance scores
so that the largest value is 100.

As shown, the Vaccine Trust Index is, by far, the most important
predictor (importance score = 100), followed by Age (=4.38), Per-
ceived Network Risk (=2.45), Perceived Risk (2.00), Trust State
(=1.64), County Cases 2wk (=1.62), County Density (=1.28), Trust
Local (=0.84), Household Income (=0.91), Race-Black (0.68) and
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County Cases (=0.63). Collectively the top four variables in the
model—those that maintain importance scores > 2—explain the
vast majority of variation in vaccine choice. To illustrate the pre-
dictive power of the key variables, we estimate two new GB mod-
els: one that solely includes the Vaccine Trust variable, and another
that includes the top 4 variables identified through the original
model. Relative to the full model, the single predictor model and
four predictor model exhibit only slightly lower levels of perfor-
mance, as demonstrated by the indicated by the accuracy (0.891;
0.894), sensitivity (0.965; 0.953), specificity (0.656; 0.704), and
ROC-AUC (0.916; 0.922) metrics. Given that the goal of this project
is to identify the most predictive determinants of vaccine hesi-
tancy, we focus on these top 4 variables for the remainder of the
article.

To understand and visualize the relationship between each of
the four most important predictor variables and vaccine choice,
we utilize four partial dependence plots (PDPs). PDPs present the
complex estimated nonparametric prediction function as a low-
dimensional graph, presenting the marginal effect of each predic-
tor variable on the class probability of the outcome variable [32].
Fig. 3 contains the PDPs for the vaccine-hesitant category.

The PDPs show that a greater degree of trust in/knowledge of
vaccines—the strongest predictor of vaccine hesitancy—is nega-
tively associated with hesitancy (but only for values >~2.5). Age
is also negatively associated with hesitancy up to a point: though
hesitancy appears to increase as age surpasses 80, this should be
interpreted with caution as very few respondents (~1.5%) were
80 years of age or older. Greater concern regarding the impact that
COVID-19 would have on individuals in one’s network has a nega-
tive, relatively linear impact on hesitancy as values exceed ~5. Per-
ceived Risk has a negative relatively-linear impact on hesitancy as
values exceed ~6.5.

Variable Importance Plot for Boosted Trees
The Most Important 10 Variable

Vaccine_Trust_Index-

Age-

Perceived_Network_Risk-

Perceived_Risk-

Trust_State-

County_Cases2wk-

County_Density -

Household_Income-
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County_Cases-

o- _——____-

25

50 75 100

Importance (gain)

Fig. 2. Variable Importance Plot.
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Fig. 3. Dependency Plots for ‘Vaccine Hesitant’

2.12. Alternative specifications

In this section, we assess whether and to what extent our
results are i) model dependent, and ii) impacted by non-random
attrition between survey waves.

We replicate our analyses using four alternative approaches—
logistic regression, decision trees, bagging, and random forests—
to assess the robustness of our findings. In Part 2 of the Appendix
(pages 5-17), we describe estimation procedures, detail model per-
formance, and present variable importance plots. In Tables P2-a
and P2-b (page 5 in the Appendix) we assess variation in i) perfor-
mance and ii) variable importance across models. As shown, the GB
approach outperforms each alternate model. Vaccine Trust is the
most important predictor across models. While the ordered impor-
tance of the remaining 10 predictors varies, those considered in
Fig. 3 rank highly in each.

In Table P3-a in the Appendix, we present summary statistics
for all variables across waves, demonstrating that a number of
wave 1 variables impact the likelihood of participating in wave 2
[indicating non-random attrition). To adjust for this, we leverage
a propensity score weighting approach to evaluate—using wave 2
data—how the variables used in the primary model impact vaccine
hesitancy, once attrition is taken into account [33]."" Specifically,
the model seeks to examine what would have been observed had attri-
tion occurred randomly. The procedure and results are described in
detail in pages 18-20 of the Appendix. The findings, presented in
Tables P3-b and P3-c, demonstrate that while non-random attrition
occurred, failing to correct for it does not significantly alter model
performance, nor does it dramatically change to what extent the
covariates impact vaccine choice. As such, we do not expect that
non-random attrition has a meaningful impact on the primary
results presented in this manuscript.

! This procedure is commonly used to correct for selection bias arising from
multiple sources, including non-response to/attrition from surveys [34,35].

1788

3. Discussion

Our findings have implications for public health interventions
designed to overcome COVID-19 vaccine hesitancy. Notably, while
a number of variables—including age, and the perception that
COVID-19 poses a risk to oneself and those in one’s network—are
associated with hesitancy, our results strongly suggest that
addressing the public’s lack of trust in the COVID-19 vaccine is of
paramount importance. While certain populations such as Repub-
licans, African Americans, and Christian evangelicals evince higher
levels of COVID-19 vaccine hesitancy, these identities per se may
not be driving forces of hesitancy. Rather, it may be that features
that are strongly associated with hesitancy—such as lack of trust
in vaccines—are clustered in certain constituencies, thus shaping
demographic patterns. If true, public health campaigns should
not simply rely on politically, racially, or religiously targeted mes-
saging, but instead consider the deeper sources of mistrust and
discomfort.

While our study provides important insights relevant to schol-
ars and practitioners alike, there are a number of limitations that
should be taken into account in future research. First, our model
better classifies vaccine acceptant individuals (97%) relative to vac-
cine hesitant individuals (72%). While we, in an effort to maximize
predictive capacity, included a wide array of covariates, such inac-
curacies demonstrate that there (likely) exists a number of unmod-
eled features. Second, our reliance on a quota-based online
convenience sample and the presence of non-random attrition pre-
sent complications for the generalizability of our findings. That
said, we argue that given the strength of the relationship between
vaccine trust and vaccine choice (both in the unweighted and
weighted models), it is unlikely that this particular finding is speci-
fic to our sample. Finally, while the model demonstrates how
strongly the included variables contribute to the predictive capac-
ity of the model, we cannot assume that this relationship is causal.
Given these limitations, we consider this article an important “first
step” for the use of machine learning models in predicting COVID-
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19 vaccine hesitancy: one that we hope is extended and improved
upon in future research.
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