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Abstract

This study examines the factors that influence people’s decision to be vaccinated and their
intentions to vaccinate their children. We conducted a cross-sectional online survey that was
distributed through the Lumbee Tribe of North Carolina from the end of July 2021 to the
beginning of August 2021. The survey questions include sociodemographic questions, questions
about people’s testing behaviors, vaccination status and vaccination intentions, COVID-19
knowledge, attitude, and beliefs. We employed four different Machine Learning models and find
that the Random Forest algorithm best predicts the self-vaccination intention with a 96% of
accuracy and children vaccination intention with a 86.5% of accuracy, respectively. The results
also show that testing frequency, social responsibility and paid leave are strong predictors of
people’s vaccination decisions for themselves and their children. Policymakers may consider
shifting resources to benefit communities and the populations facing frequent testing needs as
well as emphasizing the social responsibility of vaccination to amplify interventions in
promoting vaccination intake.
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1. Introduction

Mass vaccination is essential for ending the COVID-19 pandemic and returning life to normal.
Previous studies show that race (Bagasra, Doan, & Allen, 2021; Fridman, Gershon, & Gneezy,
2021; Mackey et al., 2021; Viswanath et al., 2021), age (Banik et al., 2021; Detoc et al., 2020;
Sherman et al., 2021), gender (Ali et al., 2020; Latkin et al., 2021; Lin et al., 2021; Robinson,
Jones, & Daly, 2020; Zintel et al., 2022), religion (Chu, Pink, & Willer, 2021; Olagoke, Olagoke,
& Hughes, 2021), political views (Barrios & Hochberg, 2020; Brinson, 2022; Pink et al., 2021),
income (Paul, Steptoe, & Fancourt, 2021; Solis Arce et al., 2021; Thunstrém et al., 2021), and
medical insurance status (Barry, 2021; Ku, 2021) are significant determinants of vaccination
intention. And concerns over vaccination safety (Kerr et al., 2021; Lin, Tu, & Beitsch, 2021;
Petersen et al., 2020) and side effects (Kerr et al., 2021; Lewis, 2020; Wong et al., 2021) are
major contributors to vaccination hesitancy. Furthermore, studies also show that people’s
knowledge level, attitude and belief about COVID-19, and their confidence about their
knowledge level affect their preventative behaviors (Bailey, 2020; Gao & Li, 2022; Lee, Kang &
You, 2021; Rahman et al., 2022). Furthermore, recent research found that people more likely
vaccine themselves than their children, and people’s beliefs and attitudes towards the COVID-19
vaccine are the main determinants of vaccination intention (Fernandes et al. 2021).

Despite ample studies on the connection between various factors and COVID-19 vaccination
intentions (Al-Amer et al., 2022; Carrieri et al., 2021; Fernandes et al., 2021; Sherman et al.,
2021; Huynh et. al., 2021; Wang et. al., 2022), no study has investigated how testing behavior
may reflect one’s tendency to adopt a preventive behavior such as vaccination. Research on
testing has mainly focused on evaluating testing patterns and understanding the testing rate
among different populations and different locations (Brandt et al., 2021; Goldstein and Burstyn,
2020; Levesque et al., 2013). Although this information is crucial in order to evaluate the
existing testing infrastructure and identify the strength and weakness to help develop an effective
public health response, little is known on how testing patterns and testing behaviors are related to
vaccination pattern and vaccination behavior, especially in marginalized communities. This
paper attempts to fill in this gap by examining testing related factors such as the frequency of
getting tested, difficulties experienced to get tested, knowledge on testing location and how these
factors relate to vaccination decision. Additional factors examined include sociodemographic
characteristics such as age, gender, race, income, education, and employment status, insurance
status, people’s beliefs and knowledge about COVID-19, and people’s confidence about their
knowledge level. We study the predictive power of these factors to explain individuals’
vaccination intention for both themselves and their children.

We propose a machine learning approach to predict the participants’ and their children’s
vaccination status. The machine learning algorithms have been applied in the health context in
screening, diagnosis, and predicting the probability of an event (Panch, Szolovits, and Atun,
2018; Zhang et. al. 2011). One of the recent relevant applications of machine learning algorithms
in healthcare is in the development of models to analyze COVID-19 seriousness, mortality,
recovery, testing and vaccination hesitancy/intention (Carrieri, Lagravinese, and Resce, 2021;
Fernandes et al., 2021; Iwendi, 2020; Mellado et al., 2021; Muhammad et al. 2020; Ong et al.,
2020; Ritonga et al., 2021). For instance, Fernandes et al. (2021) used an artificial neural
network (ANN) machine learning model to predict individuals’ COVID-19 vaccine intention and
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found that the COVID-19 vaccine beliefs and attitudes play major role in determining one’s
vaccination intention. Carrieri, Lagravinese, and Resce (2021) used four machine learning
algorithms to study vaccination hesitancy and found that the proportion of waste recycling and
the employment rate to be the most powerful predictors of high vaccination hesitancy.

In this paper, we use four machine learning models to predict the survey respondents’ and their
children’s vaccination status based on the respondents’ testing history, sociodemographic
characteristics, COVID-19 belief and attitude, and other factors. These models are Logistic
regression (LR), Decision Trees (DT), Artificial Neural Networks (ANN), and Random Forests
(RF). We find that the RF algorithm performs the best to predict both the self-vaccination and
children vaccination intention. The RF model for self-vaccination predicts with an accuracy rate
of 96%, a precision of 96%, and a true positive rate of 99.8%, while the RF model for children
vaccination predicts with an accuracy rate of 86.5%, a precision of 86.2%, and a true positive
rate of 99.3%, respectively.

The results of this study also show that testing frequency, social responsibility and paid leave are
strong predictors for both self and children vaccination intention. Adults who are tested more
frequently, believe vaccination is a social responsibility and have paid leave for vaccination from
their employers are more likely to be fully vaccinated and vaccinate their children. In addition,
having received a flu shot in the last 12 months and believing that ‘I am or will be more relaxed
once | can get the vaccine’ have strong influence on self-vaccination decision and are revealed
by both LR and ANN models.

Compared to previous studies using hypothetical COVID-19 vaccination intentions (Al-Amer et
al., 2022; Huynh et. al., 2021; Sherman et al., 2021; Wang et. Al., 2022), this study examines
additional factors that are important to predict vaccination behavior and fills in the gap in the
literature by providing empirical evidence on how testing and certain vaccination
attitudes/beliefs relate to one’s vaccination status.

2. Survey Design and Methodology

We constructed a survey based on the National Institutes of Health (NIH) RADx-UP Common
Data Elements (CDESs)°. The detailed information is provided in the appendix. The survey
questionnaires fell into the following blocks

Socio-demographic questions: Participants were asked about their gender, age, race, highest
education qualification, family composition, employment status, income, and area of residence.

COVID-19 testing questions: Participants were asked about the number of testings received,
the reasons to get tested, testing locations, barriers to get tested, the difficulty of getting tested,
and whether they were tested positive.

5 RADx-UP is a part of the NIH Rapid Acceleration of Diagnostics (RADx®) initiative to help speed innovation in the development and
implementation of COVID-19 testing. The NIH RADx-UP CDEs provide a standard set of study questions for COVID-19 testing studies.



COVID-19 vaccine knowledge questions: The knowledge of COVID-19 was measured by
asking participants the following five questions: 1) “The only people who can get severely ill
from COVID-19 are the elderly and people with certain medical conditions.”; 2) “People who
have COVID-19 and no symptoms can still spread it to others.”; 3) “If someone tests negative for
COVID-19, this person can still get infected in the future.”; 4) “COVID-19 vaccines help keep
people from getting seriously ill even if they do get infected with COVID-19.”; 5) “Fully
vaccinated people do not need to be tested after being exposed to someone with COVID-19.”

Moreover, participants were asked about their confidence of how they answer the knowledge
questions and how an average person answers these questions correctly. They were asked to rate
their confidences on a 5-point scale ranging from “Not confident at all” to “Extremely
confident.”

COVID-19 information questions. Participants were asked about the sources of information to
learn about COVID-19 vaccine, and how easy or difficult to obtain information about COVID-19
vaccines, to sign up for a COVID-19 vaccine, and to find a time and location.

COVID-19 vaccine behavior questions: Participants were asked about the factors that
influence their vaccination decision, their vaccination status and plan for themselves, the reasons
for the decision of no vaccination, and whether they received a flu shot in the last 12 months.
The questions regarding participants’ intention to vaccine their children include their plan to get
their children vaccinated and whether their children received flu shots in the last 12 months.

COVID-19 vaccine attitude and belief: Participants were also presented with a series of four
statements concerning their attitudes and beliefs about COVID-19. They were asked to rate these
questions on a 5-point scale ranging from “strongly disagree” to “strongly agree.” The statements
include: “l am or will be more relaxed once | can get the vaccine”; “I may not wear a mask after
fully vaccinated”; “Once the COVID vaccine is given to most of the population, our lives will
finally return to normal again”, and “It is my responsibility to get vaccinated so that our whole
community is protected.”

The questionnaire was developed online using Qualtrics and was distributed through the Lumbee
Tribe of North Carolina’s official website from the end of July to the beginning of August, 2021.
The survey respondents are either members of LTNC or friends and relatives of LTNC members.
About 30% of respondents are from North Carolina and the rest of them are located in other parts
of the country. This study is approved by the Institutional Review Board of the University of
North Carolina, Pembroke (UNCP IRB).

3. Data Analysis

To explain the intention/behavior to receive a COVID-19 vaccine, we built two linear regression
models: one to predict the participants’ intention to vaccinate themselves, and the other to predict
the participants’ intention to vaccinate their children. Additionally, we used four machine
learning tools to build prediction models for vaccination intention for adults as wells as for their
children. We performed statistical analysis using Weka 3.8.6 for all the machine learning

models. We follow the approach adopted in the literature of health decision making using



machine learning (ML) models (see Brnabic & Hess, 2021, for a review), and randomly divide
the dataset as 90% (890 for adults and 619 for children) for training and 10% (99 for adults 69
for children) for out-of-sample testing set.

4. Results
Summary Statistics

Our sample consisted of 1003 participants of the general adult population, ranging from 18 to 72
years old (M = 32.27; SD = 8.08). The sample was comprised 56.13% of males and 41.97% of
females, and 1.89% of other gender types. A total of 56.33% of participants are White, 11.76% are
African Americans, 16.35% are Native Americans, and 15.55% reported to have more than one
race or other. There are 36.19% of participants with college degree, 34.6% with some college or
trade school education, 15.75% with graduate or professional degree, 11.47% with high school
diploma or GED, and 1.99% of participants dropped out of high school.

Table 1 reports the summary statistics of the key variables. The Fully vaccinated includes those
who have received all recommended doses of a COVID-19 vaccine, those who are partially
vaccinated, and those who have a definitive plan of getting fully vaccinated. The Child
vaccination variable takes a value of 1 if the respondents report that they have or plan to have
their children vaccinated and 0 otherwise. It is interesting to see that there is a higher percentage
of people that were willing to have their children vaccinated compared with their self-
vaccination percentage, which is different from the findings by Fernandes (2021). Testing is the
number of COVID-19 testings the respondent received. An average person has been tested for
three times. All other variables are binary and self-explanatory. We oversampled indigenous
populations (mean=0.1956, i.e., 19.65% of the total sample), including Alaska Natives, Native
Americans, Native Hawaiians and other Pacific Islanders, with the majority being Native
Americans. We also asked participants if they have experienced any difficulties in testing and
vaccination, and if they believe it is a social responsibility to get vaccinated. Table 1 also
reported the answers to these questions as percentages.

Table 1 Summary Statistics

Variable Obs Mean Std. Dev. Min Max
Fully vaccinated 929 757 429 0 1
Child vaccination 695 813 390 0 1
Testing frequency 997 3.056 2.271 0 10
Asian 1208 024 153 0 1
Black 1208 104 .305 0 1
Hispanic 1208 .035 183 0 1
Indigenous 1208 197 397 0 1
White 1208 499 500 0 1
Age>30 1208 .589 492 0 1
Female 1208 .349 AT7 0 1
Annual household income < $25,000 981 201 401 0 1
College degree or above 1002 520 500 0 1



Employed (full and part-time) 1208 702 458 0 1

Have insurance 963 872 334 0 1
Testing difficulty: If you wanted to get a COVID test, how difficult would it be? (N=1,000)
Extremely difficult 8.00%
Difficult 31.00%
Not difficult 61.00%
Has it been difficult for you to get information about COVID vaccines? (N=992)

Yes 77.72%
No 22.28%
Has it been difficult for you to sign up for a COVID vaccine? (N=963)

Yes 34.58%
No 65.42%
Has it been difficult for you to find a convenient time and place to be vaccinated?
(N=974)

Yes 37.99%
No 62.01%
It is my responsibility to get vaccinated so that our whole community is protected.
(N=1,000)

Agree 65.10%
Disagree 34.90%

Multiple Regression Model Results

Table 2 presents the nested multivariate linear regression results for Self and Children
Vaccination Intention. These models only include the predictors that showed a significant effect
in the original models that include all the variables. The predictors that significantly predicted
both self-vaccination and children vaccination intention consist of testing frequency, indigenous,
vaccine attitude (social responsibility), vaccine reason: paid leave, flu shot. Additional
significant predictors for self-vaccination intention include black, Indegious, nowledge_correct
(the number of knowledge questions answered correctly), required (vaccination required by the
employer), vaccine attitude (more relaxed once being vaccinated), vaccine attitude (once vaccine
is given to most of the population, our life will return to normal), vacc_sign_up (the difficulty to
sign up for a vaccine), vacc_time_place (the difficulty to find a convenient time and place to be
vaccinated). For the model with the intention to vaccinate the children as the outcome variable,
there are additional significant predictors including insurance, information resource:
medical_provider, information resource: faith leader, and vaccine_info (the difficulty to get
information about vaccine).

Table 2: Multiple Linear Regressions
OR OR




Children

Variables Self-vaccination vaccination
test frequency 1.140* 1.235%**
(0.075) 0.073
vaccine attitude: social responsibility 7.830*** 1.623***
(3.514) 0.225
paid leave 7.122%** 2.182**
(3.408) 0.685
flu shot 0.236*** 0.333***
(0.070) 0.083
black 0.159***
(0.064)
Indegious 0.119***
(0.037)
knowledge_correct 0.641***
(0.087)
required 1.946*
(0.670)
vaccine attitude: more relaxed with vaccine 0.565**
(0.140)
vaccine attitude: returns to normal with
vaccine) 0.613**
(0.153)
vacc_sign_up 0.523***
(0.116)
vacc_time_place 1.549**
(0.335)
vacc_info 0.671***
(0.096)
insurance 4.341***
(1.500)
medical provider 0.610*
(0.156)
faith leader 0.214***
(0.109)
constant 23.916*** 2.283
(21.032) (1.715)
Observations 879 623
Pseudo R2 0.377 0.231

Standard errors in parentheses
**% p<0.01, ** p<0.05, * p<0.1

Machine Learning Model Results



Table 3 provides the standard classification performance metrics for the four different machine
learning algorithms to predict the vaccination tendency for adults. Overall, the RF and ANN
models perform better than LR and DT models do. In particular, the RF model performs the best
and overperforms the three other models measured by the following metrics: Accuracy (96.0%),
Recall (99.8%), MCC (63.4%), True positive rate (99.8%), False positive rate (55.1%), Area
under the ROC curve (95.9%), Area under the PRC curve (99.6%). This forecasting evaluation
process contains 64 attributes and 989 records.

Table 3 Model’s Performance to Predict Adult VVaccination Decision

LR DT RF ANN
Accuracy 91.2% 94.0% 96.0% 95.3%
Precision 95.8% 96.3% 96.0% 97.2%
Recall 94.7% 97.3% 99.8% 97.7%
F-Measure 95.2% 96.8% 63.4% 97.5%
MCC 37.0% 51.2% 63.4% 62.2%
True positive rate 94.7% 97.3% 99.8% 97.7%
False positive rate 55.1% 49.3% 55.1% 37.7%
Area under the ROC curve | 76.7% 77.7% 95.9% 92.4%
Area under the PRC curve 96.7% 95.7% 99.6% 99.3%

Table 4 shows the performance of the four different algorithms to predict vaccination tendency
for children. In this forecasting evaluation process, the child-vaccination dataset contains missing
observations that are more than 24 times as those in the adults’ vaccination dataset. As a result,
the child vaccination data only has 688 records with 65 attributes. Due to a higher data sparsity
and a smaller number of records, predicting the vaccination hesitancy for children generates less
accuracy and precision, as shown in Table 4. Similarly, the RF and ANN models perform better
than the other two models and the RF model outperforms the three other models in most of the
metrics such as Accuracy, Recall, F-Measure, MCC, True positive rate, False positive rate, Area
under the ROC curve and Area under the PRC curve.

Table 4 Model’s Performance to Predict Children Vaccination Tendency

LR DT RF ANN
Accuracy 82.7% 81.5% 86.5% 83.0%
Precision 88.8% 87.4% 86.2% 87.9%
Recall 90.2% 90.4% 99.3% 91.8%
F-Measure 89.5% 88.9% 92.3% 89.8%
MCC 40.6% 34.6% 46.8% 38.8%
True positive rate 90.2% 90.4% 99.3% 91.9%
False positive rate 50.8% 57.9% 70.6% 56.3%
Area under the ROC curve | 79.1% 65.0% 87.5% 82.6%
Area under the PRC curve | 91.6% 84.7% 97.0% 94.5%




5. Feature ranking

Table 5 Feature importance to predict self-vaccination for different machine learning models

Attribute ANN LR DT RF
\VVaccine attitude: social responsibility 18.2 30.33 -4.04 78.87
Test difficulty -4.04 50.56 2.02 68.76
Test reason: recommended by health -8.09 61.68 0 38.42
Overconfidence -8.09 4.04 -4.04 24
Age 4.04 26.29 0 20.22
\Vaccine attitude: more relaxed with vaccine 34.38 22.24 66.73 6.07
Test location: clinic -6.07 24.27 4.04 6.07
\VVaccine reason: paid_leave -10.11 71.79 2.02 4.04
Test reason: contacted by health -22.24 92.01 6.07 2.02
Test barrier: time -6.07 36.4 4.04 -8.09
Test location: drive thru 4.04 8.09 0.1 -10.11
Test reason: work required -2.02 26.29 3.09 -12.13
flushot 18.2 86.96 -4.04 -12.13
\Vaccine reason:close by 32.36 46.51 14.16 -20.22
Information resource: pharmacy -10.11 71.79 0.1 -24.27

Table 6 shows the set of top ranked feature importance for the four models to predict children
vaccination intention. Although the results still present some variations among feature
importance obtained by the different Machine Learning models, the rankings between the DF
and RF models are closer compared with those of the other two models. However, the rankings
from the best two performing models ANN and RF present little correlation among themselves.

Table 6 Feature importance to predict children’s vaccination for different machine learning

models

Attribute ANN LR DT RF

Information resource: employer 0.87 -3.34 6.25 26.89
Information source: pharmacy 4.65 -0.58 5.52 23.26
Vaccination reason: no_side effect 0.00 0.29 0.29 21.80
family_composition 1.45 -2.91 0.00 20.93
Vaccination reason: paid_leave 0.29 7.56 6.98 20.64
race 1.16 -1.74 8.43 20.06
Vaccination reason: transportation 2.62 -5.562 5.52 17.73
Vaccination attitude: social_responsibility 0.87 0.00 7.70 17.73
Vaccination reason: others getting it 0.29 -4.07 1.45 16.57
Education 2.62 -2.33 0.29 14.83
Overconfidence -7.849 -0.872 | -5.523 | 14

Information resource: insurance_company 2.62 1.16 5.52 12.79
Vaccination reason: required 2.04 0.00 0.87 12.79




Test barrier: insurance 2.04 -3.34 5.52 11.63
flushot 5.23 -0.58 4.80 10.76

Since the RF model performs the best in most of the measures, we use RF to find the most
relevant features to predict vaccination tendency for both adults themselves and their children. In
the following figure, we list the top ranked features to predict vaccination tendency by the RF
model.

Figure 1 Feature importance to predict self-vaccination intention by the RF model

RF
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Figure 1 reports the top 10 most relevant features to predict self-vaccination tendency. Similar to
the results presented by the linear regression model, the belief of vaccination as a social
responsibility and test frequency are the important features to predict an adult’s vaccination
tendency. Other relevant features that are also significant according to linear regression model
include ‘paid leave’ and ‘vaccine attitude: more relaxed with vaccine.’

Figure 2 Feature importance to predict children vaccination intention by RF model
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Figure 2 shows the top 15 relevant features to predict child vaccination tendency. The common
important features shared with self-vaccination are ‘paid leave’, ‘social responsibility’,
‘overconfidence’. Once again, the RF model supports the results from the multiple regression
model in which ‘paid leave’ and ‘social responsibility’ are the important features to predict
children vaccination intention. Compared with self-vaccination intention, more features from the
information resources and reasons to get vaccinated became important. These results imply that
parents make vaccination decision for their children based on a set of slightly different factors.
The sources of information where people learn about COVID-19 vaccines such as their
employer, pharmacy and insurance company have a strong influence in their decision making for
vaccinating their children. One possible explanation is that people are more cautious in getting
their children vaccinated so that they become more aware of and more selective about the
information source when educating themselves about the COVID-19 vaccines. Combining this
with the previous result that the percentage of people who are willing to vaccinate their children
is higher than the percentage to vaccinate themselves, certain information sources to learn about
the COVID-19 vaccines help people perceive the advantages of receiving the vaccines more than
the vaccine’s potential adverse side effects.

6. Practical implication

To be added

7. Discussion

This study examines the factors that influence people’s decision to be vaccinated and their
intentions to vaccinate their children. Findings suggest that testing frequency, social
responsibility and paid leave are strong predictors of people’s vaccination decisions for
themselves and their children. One possible explanation for the positive correlation between
testing frequency and vaccination is that frequent required testing (due to work, travel, etc.)
increases the cost of not getting vaccinated. Therefore, people prompt to get vaccinated to avoid
the psychological loss and opportunity costs, such as loss in time, potential earning, chances of
being infected by the coronavirus, getting seriously ill, etc. Another possible explanation could
be that there are unobservable characteristics that explain both testing and vaccination behavior,
such as overconfident bias, conformity of social norms, and effect heuristic.® Future research
should further examine the relationship between testing and vaccination behaviors strategies
through the lens of behavioral economics. Similarly, people more likely get vaccinated for
themselves and their children if the costs associated with getting ill, loss in time and work can be
partially compensated with paid leave.

Based on the findings in the study, we provide the following policy suggestions to increase
adherence to COVID-19 vaccination: allocate more resources to communities with a lower
testing rate; leverage existing testing sites to educate and promote the social responsibility of
vaccination; incentivize employers to offer paid leave to their workers; reduce the costs of

6 please see the extensive discussion on applying behavioral economics to understand COVID-19 behaviors by Soofi, Najafi and Karami-Matin
(2020).
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vaccination by streamlining the procedure to mitigate vaccination difficulties; moreover, invest
in public health information structure to make the learning more accessible.
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Appendix: Survey

We are requesting your participation in a research study entitled: Building Resiliency and Vital
Equity (BRAVE) project. This is a NIH funded project with the University of North Carolina
Pembroke, North Carolina Central University, and the Lumbee Tribe of NC. The purpose of this
study is to understand people’s perceptions/beliefs about covid-19 testing and vaccination, and
to help the communities fight COVID-19. You must be 18 years or older to participate in this
survey. You will answer demographic questions, (including, age, race, gender, education,
income, etc.) and questions related to your attitude, behaviors, and knowledge of COVID-19.
Participation in this survey is completely voluntary, and you may withdraw from the survey at
any time. All of your answers will remain confidential and will be used for research purpose only.
The survey has about 40 questions and takes about 15 minutes. Whiling completing the survey,
you can skip any question or withdraw from the study anytime. If you withdraw from it, your data
may still be included in the analyses. If you decide to withdraw, please inform the research of it.
You will receive $10 Walmart gift card for filling out the survey even if you decide to withdraw
from the survey. You can choose to have this gift card mailed or you can pick it up in person
(more information provided at the end of the survey). You will receive $10 Walmart gift card
within a month of completing the surveyl have read the above information and agree to proceed.

| do not want to participate in this survey.

Age
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Race and ethnicity? (Check all that apply).

Asian

Alaska Native

Black or African American

Hispanic or Latino

Native American or American Indian

Native Hawaiian or other Pacific Islanders

White

Prefer not to say

Highest level of education

Did not complete high school
High school diploma or GED
Some college or trade school
College - bachelor's degree

Graduate or professional degree
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What best describes your family at home?

Just me

Living with spouse, no kids

Family including kids

Family with 3 generations (parents, children, grandchildren)
Family with 4 generations

None of these

What is your employment status?
Working full-time
Working part-time
Only temporarily laid off
Sick leave or maternity leave
Looking for work, unemployed
Retired
Disabled permanently or temporarily
Keeping house
Student
Prefer not to answer

Don't know
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What was your household’s total income last year before taxes? Include everyone in your
household

Less than $15,000
$15,000-19,999
$20,000-24,999
$25,000-34,999
$35,000-49,999
$50,000-74,999
$75,000-99,999
$100,000 or above

Prefer not to answer

Gender you identify with?
Male
Female
Nonbinary
Transgender
Something else

Prefer not to answer

What is your residential zip code?
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What health insurance do you have?
| do NOT have health insurance
Private (purchased directly or through employment)
Public (Medicare, Medicaid, Tricare)
Do not know

Prefer not to answer

Since the pandemic began, how may times (if any) did you get tested for COVID?<div>(your
best guess if tested regularly)</div>

10 or more
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What were the reasons that you got tested? (check all that apply)

Wanted to know

Had symptoms

Exposed to someone who had COVID or symptoms

Required for my job

Contacted by the health department

Recommended by health care provider

Not applicable

Where did you get tested? (check all that apply)

Clinic

Drive-thru

Home, used home testing kit

Mobile unit

Lab

Community location or event (such as churches, community centers)

Not applicable
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Since the pandemic began, was there ever a time when you wanted to get a COVID test, but
could not?

Yes

No

At that time, what prevented you from getting a COVID test? (check all that apply, even if tests
are easier to get now)

No place (at that time) to get tested in the community
No transportation
No time

No insurance

If you wanted to get a COVID test today, do you know where or how to get it?

Yes

No

How difficult would it be?

Extremely difficult
Difficult

Not difficult
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Have you had COVID? (Have you tested positive for COVID or told by a health care provider
that you had it)

Yes

No
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Which, if any, of the following sources have you used to find information about getting a COVID
vaccine? (Check all that apply).

The "Your Spot Your Shot" Website

My health department

My health insurance company

My medical provider

My pharmacy

My employer

Friends/family

Community groups

Faith leaders
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Please answer the following questions (True or False):
True False Do not know

The only people who
can get severely ill
from COVID-19 are

the elderly and
people with certain
medical conditions.

People who have
COVID-19 and no
symptoms can still
spread it to others.

If someone tests
negative for COVID-
19, this person can
still get infected in the
future.

COVID-19 vaccines
help keep people
from getting seriously
ill even if they do get
infected with COVID-
19.

Fully vaccinated
people do not need
to be tested after
being exposed to
someone with
COVID-19.

How confident are you about your answers in the chart above?

Not confident Slightly Somewhat Fairly Extremely
at all confident confident confident confident

Choose
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How confident do you think an average person can answer these questions correctly?
Not confident Slightly Somewhat Fairly Extremely
at all confident confident confident confident

Choose

Page 11 of 22



How easy or difficult has it been for you to:

Somewhat

Very easy easy

Get
information
about COVID
vaccines.

Sign up for a
CoVID
vaccine.

Find a
convenient
time and
place to be
vaccinated.

Somewhat
difficult

Very difficult

N/A
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Which one of the following best describes your COVID-19 vaccination status? (Select one.)
| plan to get vaccinated.
| have received the first shot for the 2-shot vaccine.
I am fully vaccinated.

| have no plans to get vaccinated.

Please tell us more about your vaccine plans.

| have an appointment
| am on a waiting list but do not have an appointment yet.
| have tried to get an appointment but | am not able to get one.

| am planning to get vaccinated but have not made an appointment yet.

Please tell us more about getting the second shot.

| have an appointment.

| need to make an appointment to get the 2nd shot.

I will NOT get the 2nd shot because of my reaction to the 1st shot.

I will NOT get the 2nd shot because one shot is sufficient enough to protect me.

I will NOT get the 2nd shot because of herd immunity.
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Please tell us why you do not plan to get vaccinated. (Select all apply.)

allergic to vaccines

don't like needles

concerned about getting COVID-19.

concerned about side effects from the vaccine.

don't think vaccines work very well

don't trust the vaccine

don't believe the COVID-19 pandemic is as bad as some people say it is.

don't want to pay for it.

don't know enough about how COVID-19 vaccine works.

My health condition (other than allergies) does not allow me to get vaccinated.
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What are the most important things to you regarding COVID vaccination? (Check all that apply)

Vaccination offered close to where | live.
Employer gives me paid time off work.
Employer asks or requires me to get vaccinated.

Able to take time off after vaccination in case of side effects (pain, swelling, fever,
chills, tiredness etc.).

My nurse or doctor told me to get it.

Hearing from people that | know who have gotten it.
Seeing people like me get the vaccine.

Seeing people who didn’t get side effects.

Have transportation to the vaccination location.
Able to get childcare or bring my children with you.

Vaccine given at a place where | am comfortable such as a church, school, or
community center.
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How much do you agree or disagree with each statement?

I am or will be
more relaxed
once | can
get the
vaccine.

I may not
wear a mask
after fully
vaccinated.

Once the
COoVID
vaccine is
given to most
of the
population,
our lives will
finally return
to normal
again.

Itis my
responsibility
to get
vaccinated so
that our
whole
community is
protected.

Strongly
Disagree

Somewhat

Disagree

Neutral

Somewhat
Agree

Strongly
Agree
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Do you plan to or have you already gotten your child/children vaccinated?
Yes, | plan to or have already had my child/children get vaccinated.

No, | do not plan to get my child/children vaccinated.

Not applicable — | don’t have children that | take care of.

In the past 12 months, did you get a flu shot?
Yes
No
Don't remember

Never get the flu shot

In the past 12 months, how many children in your care have gotten flu shots?
All or some of them
None of them
Don't remember

Not applicable — | don’t have children that | take care of
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How would you describe your life now compared to before the COVID-19 pandemic?
Worse off Better off About the same

Financially, | am

Physically, | am

Emotionally, | am
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How confident are you that COVID-19 pandemic will end during 20217
Choose One

Very Confident

Fairly confident

Somewhat confident

Slightly confident

Not confident at all
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Thank you for participating in this survey. We appreciate your time. You will receive your
payment in the form of a $10.00 Walmart gift card within a month. Please let us know how you
would like to receive this gift card by choosing from one of the options below.

I would like this gift card to be mailed to me. Please provide your mailing address.

I would like to pick up this gift card in person.
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Please confirm your mailing address you provided.
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You can pick up your gift card from Jessica Jones at Lumbee Tribe of NC Veteran's Office
located at 204 W 3rd Street, Pembroke (910) 405-0501, jljones@Ilumbeetribe.com
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