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ARTICLE INFO ABSTRACT

Keywords: This study was conducted to determine the predictors of COVID-19 vaccination attitudes across
COVID'1.9 multiple waves in seven countries geographically spread across the European continent, using
Pandemic data from a COVID-19 survey provided by the Massachusetts Institute of Technology COVID-19.

Vaccine hesitancy
Vaccine acceptance
COVID-19 vaccination
Artificial neural networks

Facebook users from across the globe participated in this survey which collected information on
their knowledge of COVID-19, attitudes towards risk and available information, and their will-
ingness or lack thereof to take the vaccine. In this secondary data analysis study, neural networks
were used with special attention given to the importance of the predictors of COVID-19 vacci-
nation attitudes. Perception of social norms regarding COVID-19 vaccination was found to be the
most important predictor of vaccine acceptance. Country of residence and wave of data collection
were among the important predictors, with different patterns for each country emerging across
different waves. Other strong predictors included attitudes towards masks and mask wearing;
attitudes towards the influenza vaccine; distrust in government health authorities and scientists;
and level of knowledge of existing treatments for COVID-19. The results of this study can inform
effective public health prevention and intervention efforts against infectious diseases.

1. Introduction

The COVID-19 pandemic became a major crisis event that has resulted in loss of life, health, livelihood, and mental wellbeing across
all regions of the world. As of May 16, 2022, the number of confirmed COVID-19 cases stood at 521,395,017 and 6,288,845 deaths
have been reportedi [1]. The first cases of the novel coronavirus were reported in China in late 2019 [2], and a few months later, in
March 2020, the World Health Organization (WHO) issued an announcement characterizing the outbreak as a pandemic [3].

In Europe, the first case of COVID-19 was confirmed in France on January 24, 2020 [4]. Subsequently, Italy became the first European
nation to experience a major outbreak of the novel coronavirus and the first country in the world to introduce a nationwide lockdown [5].

The COVID-19 pandemic is the first documented pandemic of coronavirus in human history [6] and has become the deadliest
disease outbreak since the Spanish Flu of 1918-1919. The magnitude of the pandemic and its impact gave rise to an unprecedented, in
scale and rapidity, race to develop a viable vaccine against the novel coronavirus. As of May 16, 2022, 35 vaccines have been approved
in different countries and 672 vaccine trials are ongoing [7].

Despite the availability, substantial variations in COVID-19 vaccine acceptance rates have been reported across different countries.
Moreover, such differences were observed in countries with similar levels of vaccine accessibility [8]. In a number of studies, these
differences in attitudes towards COVID-19 vaccination were attributed to vaccine hesitancy [9,10].
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Vaccine hesitancy is defined as a “delay in acceptance or refusal of vaccination despite availability of vaccination services. Vaccine
hesitancy is complex and context specific, varying across time, place and vaccines. It is influenced by factors such as complacency,
convenience and confidence.” [11] p4163]. Vaccine hesitancy has been recognized as a major threat to public health efforts aimed at
containing and eradication of infectious diseases prior to the beginning of the COVID-19 pandemic [12]. Despite the fact that
vaccination is one of the most powerful instruments of infectious disease control, perceptions of vaccines as unsafe and unnecessary
have been gaining popularity for a number of years [13]. With the onset of the COVID-19 pandemic, research into the determinants of
vaccine hesitancy has become one of the priority topics in public health.

In a recent review by Ref. [14], overall anti-vaccination stance, concerns about COVID-19 vaccine safety due to its rapid devel-
opment, belief in the harmless nature of COVID-19, lack of trust in government, medical authority, and science, as well as doubts
related to the efficiency and provenance of COVID-19 vaccines were identified as predictors of vaccine hesitancy.

In another review, focusing on high-income countries, the identified determinants of vaccine hesitancy included: demographic
characteristics, such as younger age, female gender, and lower level of education; prior vaccination behaviours (no influenza vacci-
nations in pre-pandemic seasons); lower fear of COVID-19 and beliefs that it is not severe, as well as concerns related to safety and
effectiveness of COVID-19 vaccines [15].

Despite the rapidly growing number of studies considering the determinants of vaccine hesitancy, further research is necessary to
elucidate the contribution of different factors to vaccine hesitancy in the context of the COVID-19 pandemic.

1.1. The current study

The goal of the present study was to establish the determinants of vaccine hesitancy in the European region by fitting neural
network models to a large-scale dataset obtained from a Facebook-based study conducted by researchers at the Massachusetts Institute
of Technology (MIT).

Potential determinants included demographic variables related to knowledge and exposure to information of the respondent; and
variables related to more general vaccination attitudes and beliefs regarding social norms held by the respondent. These are listed in
more detail in the Method section. Neural networks are used to firstly obtain a list of characteristics which influence vaccine hesitancy
in order of their importance and, secondly, they are used to classify the responses of individuals into the two categories: vaccine
acceptance and vaccine hesitancy. Studies which made use of neural networks to investigate the factors that influence COVID-19
vaccine hesitancy include work by Refs. [16,17]:

[16] focused on adults from Portugal with data collection taking place between January and March 2021 and studied the effect of

intentions, concerns and attitudes about the vaccine and COVID-19 on vaccine hesitancy.

Table 1

Categorical predictors according to vaccine attitude category.

Categorical Predictor

Vaccine Acceptance

Vaccine Hesitancy

Knowledge of existing
treatments

Flu vaccine attitude

Infection severity

News source trust —
Government health
authorities

News source trust —
Scientist

News source trust —
Local health care workers

News medium trust —
Television

News medium trust —
Newspapers

News medium trust —
Radio

I am unsure which is correct (5.8%)
There is a drug to treat Covid-19 (4.4%)
There is a vaccine for Covid-19 (41.3%)
There is both a drug treatment and a vaccine for Covid-19
(8.4%)

There is currently no drug treatment or vaccine for Covid-19
(40.1%)

Yes (40.6%)

No (54.6%)

Don’t know (4.8%)

Not at all serious (7.3%)

Somewhat serious (49.1%)

Very serious (43.6%)

Do not trust (12.2%)

Somewhat trust (44.6%)

Trust (43.1%)

Do not trust (2.4%)

Somewhat trust (24.1%)

Trust (73.5%)

Do not trust (3.9%)

Somewhat trust (37.3%)

Trust (58.8%)

Do not trust (11.7%)

Somewhat trust (59.6%)

Trust (28.7%)

Do not trust (15.7%)

Somewhat trust (61.4%)

Trust (22.8%)

Do not trust (10.0%)

Somewhat trust (62.3%)

Trust (27.7%)

I am unsure which is correct (13%)
There is a drug to treat Covid-19 (6.3%)
There is a vaccine for Covid-19 (24.8%)
There is both a drug treatment and a vaccine for Covid-19
(6.2%)

There is currently no drug treatment or vaccine for Covid-19
(49.6%)

Yes (11.6%)

No (82.9%)

Don’t know (5.5%)

Not at all serious (20.5%)

Somewhat serious (47.7%)

Very serious (31.8%)

Do not trust (31.6%)

Somewhat trust (46.9%)

Trust (21.5%)

Do not trust (10.9%)

Somewhat trust (43.9%)

Trust (45.1%)

Do not trust (14.5%)

Somewhat trust (49.4%)

Trust (36.1%)

Do not trust (31.2%)

Somewhat trust (53.9%)

Trust (14.9%)

Do not trust (32.4%)

Somewhat trust (55.5%)

Trust (12.0%)

Do not trust (27.1%)

Somewhat trust (58.2%)

Trust (14.7%)
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Table 2

Mean and standard deviation of continuous variables and 5-point Likert-type items' by vaccine acceptance vs. hesitancy.
Variable Mean (Standard Deviation)

Vaccine Acceptance Vaccine Hesitancy

Social norms - vaccine 68.66 (21.703) 37.79 (25.527)
Social norms — physical distancing 60.3 (25.973) 50.54 (30.809)
Social norms — wearing face masks 78.64 (21.886) 72.19 (29.378)
Mask effectiveness’ 4.16 (0.823) 3.46 (1.220)
Mask prevention’ 4.77 (0.527) 4.44 (0.998)
Importance of physical distancing’ 4.31 (0.790) 3.70 (1.182)
Importance of community action’ 4.50 (0.682) 3.91 (1.138)
Community risk’ 3.67 (0.911) 3.11 (1.100)

[17] conducted a U.S. based cross-sectional study between May 2020 and January 2021 which considered the influence of soci-
odemographic variables and variables related to perception of COVID-19 risk, the efficacy and necessity of the vaccine and preferred
sources of information on COVID-19, on vaccine hesitancy. [18] provide a spatial map of vaccine attitudes in the U.S. based on a
similar (but not identical) Facebook survey conducted between Carnegie Mellon University and University of Maryland.

The novel contribution of the present study is that it is a multinational study of both high- and medium-income economies, with the
time period allocated for the data collection allowing our study and in particular, the classification made by the neural network, to be
based on a much larger sample size and also to be analysed over a longer period of time.

2. Method
2.1. Data and sample

The data analysed in this study was obtained from the COVID-19 Preventive Health Survey conducted by researchers at the
Massachusetts Institute of Technology (MIT) in partnership with Facebook. Facebook users from across the globe were invited to take
part in an online survey with the aim of collecting information on their knowledge on COVID-19 and any risk factors involved,
preventive measures taken, their willingness or lack thereof to take the vaccine and the sources used to keep abreast with news related
to COVID-19. The MIT COVID-19 survey was administered 19 times during the period July 2020-March 2021 [19,20].

We shall refer to these multiple instances of data collection as ‘waves’. For better manageability of the variable wave, each pair of
waves was grouped into one wave, with the 19th wave being considered on its own. Thus, the wave variable considered in this analysis
contained 10 levels in all.

In this paper we also analysed the way in which people’s attitude towards the COVID-19 vaccine changes over time. Since this was a
multinational study conducted on multiple waves, it was also possible to compare the said changes in attitude in different countries.
Analysis in this paper was conducted on data collected from residents in countries with territory fully or partly in the European
continent who completed the survey at multiple times at which the survey was administered between July 2020 and January 2021,
resulting in a sample size of n = 509,039.

Due to a large number of missing values on multiple variables considered in the analysis, the main part of the analysis carried out
using neural networks was conducted on smaller sample sizes (refer to Table 3 for sample sizes considered for models implemented).
Each neural network model was fitted to a different sample size depending on the number of fully observed responses in terms of the
variables used.

Table 3
Variables omitted for each model from previous model together with sample size.
Model Variables Omitted From Previous Model (Normalized Variable Importance) SampleSize
Model N/A 14223
1
Model News source trust — local health care workers (4.8%), News medium trust - newspapers (5.9%), Infection severity (8.3%)) 14904
2
Model News medium trust - television (10.1%), News medium trust - radio (13.7%), 15689
3
Model Importance of community action (16.8%) 15810
4
Model Importance of physical distancing (16.5%), Community risk (17.5%), Social norms on wearing face masks (21.4%) 64523
5
Model Mask prevention (22.6%), News source trust - scientists (26.7%), News source trust — government health authorities (27.3%), 192391
6 Knowledge of existing treatments (28.3%),
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2.2. Measures

Since the main aim of the study was to establish the predictors of vaccine hesitancy, variables included in the analysis were as
follows: i) demographic characteristics: gender, age group, the highest level of completed education, the density of the respondent’s
living area, country of residence, self-reported state of health and employment related questions; ii) information exposure to content
related to coronavirus; iii) knowledge about the disease itself and knowledge of persons who tested positive for the disease; iv) vaccine
and healthcare related questions with a question specifically asking the respondent to state whether they plan to take the vaccine if it
becomes available; v) sources from which information was acquired during the week before the survey was carried out and whether
such sources were to be trusted; vi) knowledge about groups who are more at risk of getting the disease; vii) distancing measures and
perceived norms; viii) risk perceptions; ix) preventive behaviours and measures taken; x) locations that will be visited in the two weeks
following the filling in of the survey, and xi) future actions in terms of mask wearing and taking the vaccine if made available. Specific
questions used in the MIT survey to assess these variables can be found in the Appendix. In addition, the wave variable was also taken
into consideration.

2.3. Statistical analysis

Descriptive statistical analysis, hypothesis testing and model fitting were performed using IBM SPSS version 27, particularly due to
the speed at which it manages to fit a neural network model. The outcome variable of interest was vaccine acceptance. This was a
dichotomous variable with two categories: acceptance and hesitancy. In the original questionnaire, respondents were asked whether
they were willing to take the vaccine or had taken it. Those respondents who had already received the vaccine and those who planned
to take the vaccine when it became available were classified as demonstrating vaccine acceptance. Those who were not taking the
vaccine and those who were sceptical about the vaccine or were unwilling to take it were classified as demonstrating vaccine hesitancy.

Descriptive statistics were first obtained on vaccine attitude and also on the measures which were considered to be potential
predictors of vaccine hesitancy. This was followed by testing for significance using the Pearson chi-square test of independence for
categorical (ordinal or nominal) predictors and the independent samples t-test for continuous predictors. Due to the large number of
nominal variables in the data set (119 in total, including country and wave), Cramer V was used to measure effect size for the Pearson
chi-square test for categorical variables. It was decided to include country and wave in the model due to our interest in country and
wave differences. All the other categorical variables resulted to be significant with a p-value <0.001. It was decided to only include
those categorical variables with corresponding Cramer V value greater than 0.2. The categorical predictors included are the following,
in order of Cramer V value shown in the brackets: mask effectiveness (0.3228), news source trust - scientists (0.3017), importance of
community action (0.2982), news source trust — government health authorities (0.2975), importance of physical distancing (0.2974),
community risk (0.2661), news source trust — local health care workers (0.2582), news medium trust - radio (0.2468), news medium
trust - newspapers (0.2155), news medium trust - television (0.2155), mask prevention (0.2112), infection severity (0.2059),
knowledge of existing treatments (0.2055).

Only three continuous variables were present in data, and these were all included as they rejected the null hypothesis of no dif-
ference in the independent samples t-test. These were: a) social norms — vaccines; b) social norms — wearing face masks; c) social norms
— physical distancing.

The final part of the analysis involved the fitting of multiple artificial neural networks (ANNs) using only the variables which were
found to significantly influence vaccine hesitancy. Artificial Neural Networks (ANNs) have been applied in a wide range of applications
aimed at either predicting or classifying responses of a variable of interest. In this paper, neural networks were used to firstly obtain a
list of variables which influence vaccine hesitancy in order of their importance and secondly, the predicted responses were compared
to the actual responses. Based on the final classification of respondents, we were able to discuss the overall classification performance
of the neural network.

A single layer feedforward ANN, which is the model used in this study, is a collection of nodes organised in a number of layers as
shown in Fig. 1. Each node in the input layer represents one of the measures being considered. These measures can be both qualitative
and quantitative. The number of nodes in the hidden layer is chosen automatically by the software to provide the best accuracy. The
output layer contains as many nodes as there are levels in the qualitative variable used for classification. In this case, respondents have
to be classified into either “vaccine acceptance” or “vaccine hesitancy”, leading to two nodes in the output layer.

The connections between the nodes in the different layers are sometimes called edges and typically have weights associated with
them. A large weight signifies a strong link between two connected neurons. The output layer is modelled by some non-linear function
involving the sum of the neurons in the input layer.

We denote the nodes in the input layer by x;, where i = 0,1, ...P. Here P denotes the number of variables in the data set and x,
denotes the so-called bias term. This term appears in the input and hidden layers of a neural network. Each node z;, forj = 0,1, ...C in
the hidden layer can be represented as a weighted sum of the nodes in the input layer:

P
1
z= i Z w,(»j )x,-
=0

Note: C + 1 denotes the number of neurons in the hidden layer. Usually, g, is the so-called bias term. The term h” is the so-called
activation function at the hidden layer and ngjn represents the weights of the hidden layer. In IBM SPSS version 27 the activation
function in the hidden layer is taken to be the hyperbolic tangent. Finally, the nodes in the output layer, which we denote by y, for k =
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Output Layer

Hidden Layer

Fig. 1. The single layer feedforward neural network. The input layer represents the x; s, the hidden layer the z; s, and the output layer the y,.

1,2, can be written as follows:
& 2
w=h Y owiy
j=0

where h° is the activation function at the output layer and w;,f) represents the weights of the output layer. Hence, combining the above

two equations we get:
c P
2 |
ye=Hh Zw](.k)h]" waj ),
=0 =0

In IBM SPSS, the activation function of the output layer is taken to be the softmax function. This activation function is used as it outputs
numbers between 0 and 1, which in our application, are considered to be the probability that an individual is classified in each of the
two classes. To find the optimal weights, the Scaled Conjugate Gradient method was used. SPSS allows the user to choose between the
Gradient descent algorithm and the Scaled Conjugate Gradient (SCG) algorithm. The former is well known in optimization theory and
is characterised by a poor convergence rate within the context of Neural Networks. Moreover, it depends on a number of user-specified
parameters [21]. devised the so-called scaled conjugate gradient algorithm to tackle the problems in the Gradient descent algorithm.
The author argued that in realistic applications of Neural Networks the computations required are rather heavy and hence only
optimization methods that can be applied to large-scale problems should be used. In the numerical analysis community, the family of
such algorithms are generally referred to as the Conjugate Gradient Methods. The SCG avoids using line-search algorithms in each
learning iteration and instead applies the Levenberg-Marquardt approach to improve performance. A number of authors including
[22] argued that SCG does indeed perform better than Gradient descent. Hence, in this study we decided to apply the SCG algorithm
when fitting a Neural Network to that data set.

3. Results

The presentation of results in this section is divided into three parts. The first part involves descriptive statistics for several predictor
variables by vaccine attitude categorisation. The second part considers the plots of two variables — country and knowledge of existing
treatments — by wave and vaccine attitude categorisation to appreciate the time dependency of these variables. Finally, we conclude
with the modelling aspect using artificial neural networks with model selection via variable importance.

3.1. Descriptive statistics for predictor variables

We now look at the descriptive statistics tables of the variables included in the neural network model (Table 1 and Table 2) related
to the vaccine attitude categorisation (acceptance/hesitancy). Detailed descriptions of the predictors included in the model can be
found in the Appendix. We are not including information on three variables — country, wave and knowledge of existing treatments—in
this section, as the time-varying nature in these three variables was of particular interest and shall be discussed in the second part of
this section.

From the visual inspection of Table 1, a number of preliminary observations can be made. Respondents in the vaccine acceptance
category were more likely to take the flu vaccine in previous seasons than the respondents in the vaccine hesitancy category. They were
also more likely to consider COVID-19 to be a severe illness than the respondents in the vaccine hesitancy category. Respondents in the
vaccine acceptance category appeared to show more trust in news from government health authorities, scientists, and local health care
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workers in comparison to the respondents in the vaccine hesitancy category. However, it must also be noted that trust in government
health authorities was consistently lower than trust in scientists and local health care workers across all groups.

None of the news media (television, newspaper, radio) gained the majority of full trust in either of the two categories. Distrust and
lack of full trust was particularly prevalent in the respondents’ attitude towards newspapers. Respondents categorised as vaccine
hesitant demonstrated stronger distrust across all types of news media.

Respondents in the vaccine acceptance group were observed to be more in favour of mask wearing, social distancing, and com-
munity action to prevent the spread than the individuals in the vaccine hesitancy group. Moreover, respondents in the vaccine
acceptance category were more likely to consider COVID-19 to be a risk to the community, more so than the respondents in the vaccine
hesitancy group.

Respondents in the vaccine acceptance category appeared to know more people who were planning to take the vaccine, wore mask/
face covering, and maintained social distancing, than the respondents in the vaccine hesitancy category.

As can be seen in Table 2, respondents in the vaccine acceptance category demonstrated higher scores on perceived social norms
regarding COVID-19 vaccination (i.e. they were more likely to believe that people in their social circle would agree to get vaccinated).
The gap between the two means is smaller when considering perceived social norms for physical distancing and perceived social norms
for wearing face masks; however, the mean remains higher in the vaccine acceptance category. Furthermore, for the Likert type
variables (mask effectiveness, mask prevention, importance of physical distancing, importance of community action, community risk),
the means in the vaccine acceptance category are also consistently higher.

3.2. COVID-19 vaccination attitude change over time

Attitudes towards vaccination changed with each wave for different countries, represented by the two categories of the dichoto-
mous variable vaccine attitude — acceptance and hesitancy.

3.3. Country and wave

In Fig. 2 it can be observed that the study participants in different countries had different attitudes regarding COVID-19 vacci-
nation. In the UK and Italy, the overall acceptance proportions were always higher than the hesitancy proportions; however, this was
not the case for Poland, Romania and France, where the majority of respondents were hesitant over multiple waves, particularly the
early ones. Furthermore, for waves 3-6 in Germany and 4-7 in Turkey, acceptance/hesitancy proportions were divided almost equally.
A positive change in attitude towards vaccines can also be noted from wave 6 onwards in the UK, wave 8 onwards in Turkey, and wave
7 onwards in the remaining (European Union) countries. This change in attitude corresponds to the commencement of the vaccine
rollouts in these countries, with the UK having the earliest vaccine rollout early in December, European Union countries starting their
vaccine rollout towards the end of December, and Turkey starting in mid-January.

3.4. Knowledge of existing treatments

The question regarding the knowledge of existing treatment also had a strong relationship with the wave. The question had the
following possible responses: “I am unsure which is correct”; “There is a drug to treat COVID-19”; “There is a vaccine for COVID-19”;
“There is both a drug and a vaccine for COVID-10”, and “There is currently no drug and no vaccine for COVID-19”.

In Fig. 3, it can be seen that, in particular, the percentage of responses for “There is a vaccine for COVID-19” and “There is currently
no drug and no vaccine for COVID-19” changed with time, the former being the predominant response in the later waves, and the latter
being the predominant response in the initial waves. This, of course, comes as no surprise as the former response was the correct
answer towards the later waves and the latter response was the correct answer for the initial waves. However, from the plot it is
observed that the correct answer was always more predominant for the vaccine acceptance group than for the vaccine hesitancy group.
The reply for “There is both a drug and a vaccine for COVID-19” also increased with time — while this was not the correct answer, as at
the time of the study, there was no officially approved drug against COVID-19, there were reports of drugs which were being used by
professionals to alleviate the symptoms and improve chances of survival which may have prompted respondents to give this answer.

3.5. Neural networks

A total of six neural network models were fitted on the data set, each model having less variables than its predecessor. In Table 3,
Model 1 is shown to be the full model with all variables included, while for Model 2 to 6 we present the omitted variables together with
their normalized importance from the previous model. The corresponding valid sample size for each model is also given. It can be seen
that as less important variables started being removed, the sample size steadily increased. To test accuracy of each model, a 70:30 ratio
for the test and the training set is taken. From the initial Model 1, variables with less than 10% normalized importance were discarded
and Model 2 was fit. The variables with less than 15% normalized importance were discarded and the rest were used to create Model 3.
The procedure was repeated five times, with the percentage of normalized importance increased by 5% at each step, until a significant
decrease in accuracy was detected.

Fig. 4 illustrates the values of the accuracy and the area under the curve achieved in each of the six neural network models. The
accuracy is defined as the ratio of the correctly classified observations over the total number of observations. The area under the curve
(AUC) measures the area under the so-called Receiver Operator Characteristic (ROC) curve. The ROC curve shows the classification



F. Sammut et al. Heliyon 9 (2023) e18903

A B

Germany Italy

- T
£ £
£ H

<7 e I e

21 21 —

2 . . ' o 2 : . . ®
e e
Romania
Poland 7]
= Hesitancy
o,

& -o P B g ° g =

s A =
g 2 N §
& P / i = Tt 3

g —a e % .

e S, PR
2 4 ] 8 10 2 a 6 8 10
v wave

France
United Kingdom wiclf
- Hositancy
e — Aosepiance.
— T — Accapiance
s £
§ g
3 H
B 54
) 3
s o & 5 " 2 4 6 8 10
v W
Turkey
2 Hesitancy
— hocaprance
=]
g
i
3 s
-
2 4 6 3 0

(caption on next page)



F. Sammut et al. Heliyon 9 (2023) e18903

Fig. 2. Plots of vaccine acceptance (blue) and vaccine hesitancy (red) proportions by country and wave.

performance for all possible probability cut-offs in a plot of sensitivity versus specificity values. Any classification model should have
an AUC higher than 0.5 and the closer the area is to 1 the better the predictive power of the neural network. To obtain the accuracy and
the AUC measures, each neural network model was applied on the respective testing set.

It can be observed that there was a slow decrease in both accuracy and AUC until Model 5, followed by a sheer drop in both
performance measures in Model 6. This led to the decision to choose Model 5 as this gave the best trade-off between model complexity
(i.e. the number of variables used) and the quality of the results. Model 5 contained 10 nodes in the hidden layer. We next discuss the
results of Model 5. To evaluate the fit of the chosen neural network model, the classification results shown in Table 4 were obtained.

In Table 4, we can see that for both the training and the testing set, the neural network model was extremely successful in correctly
predicting the respondents in the acceptance groups (90% and 89.2%). The percentage of correct predictions for the hesitant groups
were slightly lower at 62.1% and 62.3%, possibly due to a more complex decision-making process involved in choosing to not take the
COVID-19 vaccine. One main drawback is that it contained a lot of incomplete survey responses and the sample size used to fit this
neural network was of 64523 with a training set of 45095 (70%) individuals, and a testing set of 19428 (30%) individuals, thus
excluding 444516 individuals from the original sample size. This great reduction is due to the variables whose full set of responses was
not available for the variables considered. An overall percentage of correct predictions at around 80% for both groups and an AUC of
0.867 however show that the fitted neural network still managed to achieve high prediction capability, despite the reduced sample
size. It can also be observed that the accuracy for the training and testing samples are very similar, with the overall percentage for the
former being 80.8% and for the latter being 80.3%. This shows that the neural network model is not over-fitted. This is also
corroborated by the fact that the percentage of correctly classified individuals in the acceptance groups for the training and testing
samples are almost identical (72.9% and 72.1%). The same can be said for the percentages achieved for the hesitancy groups (27.1%
and 27.9%).

The variables which had the highest impact in classifying vaccine hesitancy for Model 5 are presented in Table 5 in order of their
importance and normalized importance. Table 5 shows that social norms - vaccine had the greatest importance on the predictive ability
of the neural network, with an importance of 0.261 and a normalized importance of 100% showing that social norms greatly influence
the attitudes towards vaccine. This was followed by mask effectiveness with a normalized importance (53.7%), though the normalized
importance of this variable is slightly more than half that of the most important one. Noting that the variables mask effectiveness, mask

Acceptance & Knowledge of Existing Treatment Hesitancy & Knowledge of Existing Treatment

Propertion
0
Proportion
0

Fig. 3. Plots of different response proportions across wave for both the vaccine acceptance group (left) and vaccine rejection group (right) - “I am
unsure which is correct” (red), “There is a drug to treat COVID-19” (blue), “There is a vaccine for COVID-19” (black), “There is both a drug and a
vaccine for COVID-10” (yellow) and “There is currently no drug and no vaccine for COVID-19” (green).
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Fig. 4. Accuracy and area under the curve from model 1 to model 6.
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Table 4
Classification table for both training and test set.
Classification
Sample Observed Predicted
Acceptance Hesitancy Percent Correct
Training Acceptance 27231 3021 90.0%
Hesitancy 5629 9214 62.1%
Overall Percent 72.9% 27.1% 80.8%
Testing Acceptance 11584 1404 89.2%
Hesitancy 2428 4012 62.3%
Overall Percent 72.1% 27.9% 80.3%
Table 5
Variable importance and normalized variable importance of variables included in Model 5.
Importance Normalized Importance
Social norms — vaccine 0.261 100.00%
Mask effectiveness 0.14 53.70%
Flu vaccine attitude 0.108 41.50%
Country 0.087 33.40%
Wave 0.076 29.10%
Knowledge of existing treatments 0.074 28.30%
News source trust — government health authorities 0.071 27.30%
News source trust — 0.07 26.70%
Scientists
Mask Prevention 0.059 22.60%
Social norms — wearing a face mask 0.056 21.40%

prevention and social norms — wearing a face mask all made it to the list of most important variables, this indicates that attitudes
related to mask wearing are good predictors of one’s attitude towards the vaccine. As expected, flu vaccine attitude also turned out to
be an important variable, as was the response to knowledge of existing treatments, news source trust — government health authorities
and news source trust - scientists. As expected, country and wave were also important when it came to vaccine attitudes, ranking
towards the middle of the table.

4. Discussion

The goal of this secondary data analysis was to utilize a neural networks approach to establish the predictors of COVID-19
vaccination acceptance in the European region. Perceived social norms in relation to COVID-19 related restrictions and vaccines,
history of accepting flu vaccinations in previous seasons, attitudes towards mask wearing, and distrust of the media were found to be
the important predictors of vaccine acceptance vs. vaccine hesitancy. In addition, country-to-country differences in COVID-19
vaccination acceptance were noted, with France, Poland and Romania being the most hesitant, and UK and Italy being the most
accepting. High vaccine hesitancy in Poland is reported in Ref. [23], which documents that in a survey of 13426 people in 19 countries,
Poland has the highest proportion of negative responses towards COVID-19 vaccine acceptance. High vaccine hesitancy in France, on
the other hand, is also mentioned in Ref. [24] where it is quoted that, in December 2020, willingness to get vaccinated in France
amounted to 40%.

This study also determines that time was a contributing factor in the attitude change towards COVID-19 vaccination, with the
respondents in later waves becoming more receptive to vaccines.

The just mentioned predictors have contributed to detecting accurately the two categories (vaccine acceptance and vaccine hes-
itancy) with an accuracy of 80.3%, though it was found that neural networks are much more likely to correctly detect the vaccine
acceptance category (89.2% accuracy) than they are to detect the vaccine hesitancy category (62.3% accuracy). This is an indication
that vaccine hesitancy respondents may constitute a more diverse group, with some being mildly sceptical and others being strongly
against, and also potentially having different reasons for being hesitant. Information on seasonal influenza vaccine uptake was one of
the important predictors for COVID-19 vaccine attitudes. In Ref. [25] high seasonal influenza vaccine confidence was found in the UK
(83.2%) while relatively low seasonal influenza vaccine confidence was found in France (71.5%), which is indicative of the respective
high and low confidence in COVID-19 vaccines in this study for the two countries. However, this predictor was not capable of pre-
dicting COVID-19 hesitancy perfectly, which shows that attitudes for the two vaccines varies. Further research is necessary to
determine the characteristics of individuals demonstrating COVID-19 vaccine hesitancy.

The findings in this study corroborate the results reported by other authors [14]. identified belief in the harmless nature of
COVID-19 and lack of trust in governments, medical authority and science as important predictors. This distrust is also evident from
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our study, and we have also shown that belief in the harmless nature of COVID-19 for people in the vaccine hesitancy group is
particularly evident in attitudes people in this group have towards mask wearing. On the other hand [15], determined that lower fear
of COVID-19 and beliefs that it is not severe is an important predictor, but also mentioned prior vaccination behaviours. This cor-
roborates our findings regarding attitudes to influenza vaccination as a strong predictor of current COVID-19 vaccination attitudes.
Finally, perceived social norms (perceptions of other people’s typical behaviours and attitudes, distinct from actual norms) have long
been associated with a variety of health-related behaviours [26-28]. Our findings in this study agree with the results of other research
studies that have considered the role of perceived social norms in the context of the COVID-19 vaccination behaviours. For instance
Refs. [29,30], in separate samples of U.S. college students, found that perceived social norms (in both, perception of vaccine uptake
rate in one’s peer/social group) acted as a significant predictor of vaccine hesitancy [31]. demonstrate that herding and perceived
social norms (conceptualised as the social pressures of getting vaccinated) are positively correlated with vaccine uptake, while [32]
conduct a multi-country study to demonstrate that perceived social norms (conceptualised as respondents’ belief that most of their
close family and friends would get a COVID-19 vaccine) were among the strongest correlates of vaccine acceptance in four out of six
country samples. Furthermore [33], assessed perceived social norms (likelihood of family and friends engaging in a particular
behaviour) for 18 preventive behaviours, including physical distancing and mask wearing, in a national survey of UK population. The
results of this study showed that significant increases in the odds of performing 11 preventive behaviours was predicted by each unit
increase in perceived social norms among friends and family, including 66% greater odds of mask wearing. Finally [34], find that an
individual’s perceived strength of social norms such as mask wearing and social distancing is negatively correlated to the level of
COVID-19 risk perception and positively correlated with beneficial psychological outcomes.

Studies on the determinants of COVID-19 vaccine hesitancy are important, as the threat of emerging diseases and future pandemics
remains high. Knowing which factors influence a person’s decision to accept vaccination or not is important for policy makers and
health authorities tasked with developing proactive and effective public health interventions. Moreover, it is important to address
misinformation and other factors that may negatively impact trust in health authorities on behalf of individuals and communities.
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Appendix

Variable Name (Short)

Variable Meaning

wave
country
vaccine attitude
flu vaccine attitude
mask effectiveness
knowledge of existing treatments
mask prevention
importance of physical distancing
importance of community action
community risk
infection severity
social norms —
vaccines
social norms —
physical distancing
social norms —
wearing face masks

Wave

Country

vaccine attitude

Have you taken the flu vaccine this fall or do you plan to take one in the coming weeks?

How effective is wearing a face mask for preventing the spread of Covid-19?

Knowledge of existing treatments — which of the following is correct?

How often are you able to wear a mask or face covering when you are in public?

How important do you think physical distance is for slowing the spread of Covid-19?

How important is it for you to take actions to prevent the spread of Covid-19 in your community?
How dangerous do you think the Covid-19 risk is to your community?

How serious would it be if you became infected with Covid-19?

Out of 100 people in your community, how many do you think would take a Covid-19 vaccine if it were made available?

Out of 100 people in your community, how many do you think maintain a distance of at least 1 m from others?

Out of 100 people in your community, how many do you think would wear a face mask or covering?

(continued on next page)
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(continued)

Variable Name (Short) Variable Meaning

news source trust — How much do you trust government health authorities as a news source?
government health authorities

news source trust — How much do you trust scientists as a news source?
scientists

news source trust — How much do you trust local health workers as a news source?
local health care workers

news medium — How much do you trust television as a news medium?
television

news medium — How much do you trust newspapers as a news medium?
newspapers

news medium — How much do you trust radio as a news medium?
radio
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