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Abstract: Since December 2019, with the discovery of a new coronavirus, humanity has been exposed
to a large amount of information from different media. Information is not always true and official.
Known as an infodemic, false information can increase the negative effects of the pandemic by
impairing data readability and disease control. The paper aims to find similar patterns of behavior of
the Brazilian population during 2021 in two analyses: with vaccination data of all age groups and
using the age group of 64 years or more, representing 13% of the population, using the multivariate
analysis technique. Infodemic vaccination information and pandemic numbers were also used.
Dendrograms were used as a cluster visualization technique. The result of the generated clusters was
verified by two algorithms: the cophenetic correlation coefficient, which obtained satisfactory results
above 0.7, and the elbow method, which corroborated the number of clusters found. In the result
of the analysis with all age groups, more homogeneous divisions were perceived among Brazilian
states, while the second analysis resulted in more heterogeneous clusters, recalling that at the start of
vaccinations they could have had fear, doubts, and significant belief in the infodemic.

Keywords: dendrogram; infodemic; COVID-19; Google Trends; multivariate analysis

1. Introduction

Humanity has been seriously affected by the COVID-19 pandemic that originated in
late 2019 in Wuhan, Hubei province in China, caused by the SARS-CoV-2 virus [1,2]. It
was declared a pandemic on 11 March 2020, by the World Health Organization (WHO) [3].
According to the WHO data [4], by May 2022, more than 533 million cases of the disease
had already been confirmed, causing more than 6 million deaths worldwide.

Both the impact of an entirely new and unknown disease, which was already immense,
and the lack of information associated with it allowed false and dubious information to
quickly appear and spread across various social media platforms, newspapers, and maga-
zines [5]. Thus, the COVID-19 pandemic was accompanied by a massive and widespread
wave of disinformation about the disease that can be described as an infodemic [6].

The WHO explains that infodemics are an excessive amount of information about a
problem, making it extremely hard to identify a solution. They can spread both misinfor-
mation and disinformation (accidentally and deliberately false information, respectively)
as well as rumors during a health emergency. Infodemics can severely affect or damage an
effective public health response and create confusion and mistrust among people [7].

The battle against the COVID-19 pandemic and infodemic continues. A long-awaited
step was the development of effective vaccines, which was highly anticipated, and several
vaccines are now available. The development and availability of vaccines are not the only
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obstacles to overcome from a public health perspective. The increasing acceptance of the
vaccine by the population is also paramount to designing public health measures and
reaching a considerable proportion of vaccinated population to achieve herd immunity [8].

However, there is a process of rejection or delay in accepting vaccines, which can be
affected by the variables of trust, compliance, and convenience, and directly influences the
historical context of vaccination [9]. Such resistance is known as vaccine hesitancy, and
before the pandemic, in 2019, the WHO identified it as one of the major threats to global
health [10]. In addition to fake news, other factors impact the drop in vaccine coverage,
such as social, cultural, religious, and economic issues in which the population is involved,
and this can influence whether the population goes to vaccination centers [11].

Following the evolution of the pandemic, until May 2022, Brazil was the third-most
affected country in the total number of cases and second in the total number of deaths [12],
ranked 34th in vaccination (counting both first and second vaccine doses) [13]. Brazil
applied its first vaccine against COVID-19 on 17 January 2021. In three months, 5.32%
of the population had received one of the two necessary doses and only 2% were fully
immunized [13]. The pace was very slow compared to countries like Israel, the United
Kingdom, and Chile [14]. This was due to problems and delays in vaccine purchases (and
when a campaign started, doses ran out), doubts about the effectiveness of the results,
and false and dubious information circulated on the internet and social networks and in
speeches by the President of Brazil, who was considered a denialist and anti-vaccine [14,15].

Because of the above, the purpose of this work is to carry out a spatial analysis
of COVID-19 vaccination by the Federation Units in Brazil from the contribution of the
cluster analysis technique, applying multivariate techniques using indicators that cover
the infodemic data of vaccination from COVID-19 in Google Trends (GT) searches, internet
proliferation in states, and data on deaths and the number of COVID-19 cases.

Cluster analysis makes it possible to group cases or variables into a homogeneous
group based on their similarity. Each object is like the others in the group, maximizing ho-
mogeneity within the group and maximizing heterogeneity between groups. Dendrograms
are used to cluster the states and, thus, generate new divisions of the regions, different
from the geographic regions that already exist in Brazil: first carried out for an analysis
of all age groups available and second with an analysis of the vaccination of the elderly
64 years or older.

Brazil is the fifth largest country in the world geographically and the sixth in popula-
tion; it has 5570 municipalities divided into 27 federative units (26 states and one Federal
District (DF)), which are grouped into five geographic macro-regions (Central-West, North-
east, North, Southeast, and South). After the results obtained from the techniques used,
the new division of the groupings of the states will be visualized through the behavior of
the population.

2. Related Work

The internet is revolutionizing the way epidemic intelligence is collected and offers
solutions to some of these challenges. Freely available sources of information can allow us to
detect disease outbreaks earlier with reduced cost and greater transparency in reporting [16].
Search engines have become pervasive in recent years, retrieving information easily on a
variety of topics, ranging from customer service to general information. In addition to these
research interests, there is a growing interest in obtaining health advice or information.
In this respect, health policy authorities have begun to identify internet search engines as
potential indicators for surveillance and health, such as the GT, a repository of publicly
available information on user research patterns and real-time data [17].

In Mangono et al. [18], GT was used to provide insights and potential indicators
of important changes in information-seeking patterns during COVID-19 with various
pandemic-related terms, such as: coronavirus symptoms, urgent care near me, health
insurance, social distancing, and “Chinese virus”, among others. They compared the
surveys with new monthly Medicaid orders (an application that provides health coverage
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to Americans), and used principal component analysis to identify research patterns in
the GT.

Rovetta and Bhagavathula [19] investigated online search behavior related to the
COVID-19 outbreak and the “infodemic nicknames” circulating in Italy using GT. The
titles of articles from the most read national newspapers and government websites were
surveyed to investigate the extent and attitudes of several related infodemic nicknames for
COVID-19. They defined “infodemic nicknames” as substantially erroneous information,
which gave rise to misinterpretations, fake news, episodes of racism, or any other form of
misleading information that circulated on the internet. They concluded that Google search
query data reflects growing regional and population interest in the pandemic. Searches
related to disinfectants, face masks, health newsletters, vaccines, and symptoms related
to COVID-19 were the main search keywords. However, many infodemic nicknames
circulated in Italy. They also conclude that internet research interest in COVID-19, both
at the regional and city levels in Italy, was influenced by tradition, electronic newspapers,
and printed media coverage.

In Ceron et al. [20], the authors explored news-checking initiatives in Latin America,
using a Markov-based computational method to group tweets into topics and identify their
diffusion among different datasets about false information related to COVID-19 across
regions, comparing if there was a pattern for Argentina, Brazil, Chile, Colombia, Mexico,
and Venezuela.

Multivariate statistical methods were used by Custodio et al. [21], where they per-
ceived that health measures led to a significant reduction in air pollution, but on the other
hand, the impact of these measures in aquatic environments was poorly analyzed. In this
context, multivariate statistical methods were employed to evaluate the water quality of
the rivers of the Mantaro River basin and heavy metal contamination indices during the
health crisis associated with the COVID-19 pandemic. The techniques employed were
principal component analysis and hierarchical cluster analysis according to Spearman’s
correlation, which generated a dendrogram where the five chemical elements were grouped
into two statistically significant groups, observing a significant increase in the critical value
of contamination.

Computational and statistical techniques were used to analyze the heterogeneous spread
of the pandemic and estimate the death rates from COVID-19 [22–24]. In Silva et al. [22],
the authors estimated the effective reproduction rate number for each epidemiological
week in Brazil and designed scenarios based on these values, concluding that the only
way to flatten the curve is to decrease the reproduction rate. The work of Shafiq et al. [23]
was applied to data from Italy and the results revealed that the model of artificial neural
networks is an excellent engineering tool to predict survival and mortality rates, presenting
more satisfactory and better results than other studies found in the literature.

Multivariate analysis techniques and dendrograms on the pandemic, as well as data
from Brazil, are being used for grouping behaviors. James et al. [25] compared and con-
trasted data from the USA, India, and Brazil, looking at the trajectories of cases, deaths,
and mortality rates, which were analyzed state by state. Dendrograms were used and
revealed a similar cluster structure between the USA and India. Both countries had a dense
majority cluster and a small collection of outliers. Brazil, on the other hand, presented
a quite different structure, with two similarly sized clusters that contained most of the
elements and then some outliers.

James and Menzies [26] presented a mathematical framework for determining the be-
havior of the second outbreak of COVID-19 cases in the United States based on a collection
of time series. The data were grouped (dendrograms), identifying the different outbreak
behaviors, and in the appendix of the work, the authors applied the technique to the data
from Brazil and concluded that the second outbreaks were moderate and of comparable
severity to the first outbreaks. This is similar to the USA, which also noted significant
similarities based on geography.
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In the research by Harb et al. [27], a multivariate analysis was performed on a database
of COVID-19 infodemic terms in Brazil over 18 months (1 January 2020 to 30 June 2021),
including socioeconomic and political variables. The infodemic terms were divided into
five groups, and the analysis was performed every 3 months during the evolution of
the pandemic. The study concludes that denial about the pandemic and the influence of
political leadership can influence the search for infodemic information, contributing to
disorganization in the control of the disease and prevention measures.

In this work, using the methodology of Harb et al. [27], we carried out an approach by
combining the database of infodemic vaccination terms, extracted from research in the GT,
related to variables of vaccination numbers (first and second doses), in the entire year of 2021
for Brazil. Multivariate analysis with dendrograms and the elbow method was performed
to group the states into similar patterns of behavior in the two analyses performed.

3. Methodology

The methodology applied in this work can be seen in the flowchart in Figure 1,
based on Harb et al. [27] and Braz et al. [28], and the data obtained were obtained from
the 27 federative units (26 states and Distrito Federal (DF)) for the year 2021. Python
language was used to perform both data manipulation and data clustering steps, and
Tableau software (version 2021.3.3, Tableau Software, Mark Nelson, Seattle, WA, USA) was
used to reproduce the map of Brazil with the generated clusters.

Figure 1. Flowchart of the methodology of the multivariate technique adopted. Processing the data:
(A) selection and treatment of variables. Multivariate Technique: (B) selection of the distance measure;
(C) selection of the clustering algorithm and (D) validation of the clusters.

The two main steps are presented in Figure 1, processing the selected data and cluster-
ing. The first step (A) is the extraction and treatment of the variables, generating a single
dataset. The subsequent step applies and tests the best parameters for clustering (B) and
(C), and at the end, performs cluster validation with two techniques (D).

3.1. Selection and Treatment of Variables for the Database (A)

The first step of the flowchart is the creation of the database, with the selection of
variables to be used, the identification of outliers, and data standardization. Four databases
available on the internet were used. Three are public databases from the government, and
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the last database is data extracted from GT. The following steps were considered: data
collection, data processing, data mining, data interpretation, and validation. The databases
searched were:

1. COVID-19 vaccination records [29]

For each state, three files were made available. After collecting and joining the files,
the vaccination fields were selected by age group, counting the people who completed the
vaccination cycle (1st and 2nd doses). To achieve a better relationship among the states, the
rate per 100,000 inhabitants was calculated for these fields: data divided by the population
of each state, multiplied by 100,000.

2. Coronavirus Panel [30]

The fields with information on the number of COVID-19 deaths and number of new
cases were selected and the annual average per state was performed.

3. Internet access density [31]

Information on fixed broadband and mobile telephony was selected and the average
was determined per each state.

4. Vaccination Infodemic [32]

The infodemic terms about vaccination [27–31,33–36] were selected. A search was
performed on GT by the state for each term. The research was carried out using the
following filters: geographic, which was used for each Brazilian state; period, which was
the chosen year 2021; and categories, which were chosen for all categories and research
groups using web searches. The values returned are from 100 (represents a term’s peak
popularity) to 0 (means there was not enough data about the term). The search was carried
out on 1 May 2022, and for each term, the results found in related subjects and related
searches were evaluated in order to verify if the term was related to non-infodemic content.
As a result, some terms were dropped out.

The infodemic terms selected were: jacare vaccine, turning into jacare, doria vaccine,
DNA vaccine, mutated DNA vaccine, vaccine kills, vaccine kills COVID, COVID cancer,
COVID cancer vaccine, alcoholic drink COVID vaccine, liquid chip, chip vaccine, COVID
hiv vaccine, COVID vaccine Alzheimer, magnetic COVID vaccine, COVID vaccine Coron-
aVac, COVID fetus vaccine, magnetic COVID vaccine, aluminum coronaVac, vaccine causes
autism, vaccine causes impotence, and CoronaVac squint. Some terms are very specific in
Brazilian news, such as the term “turning into alligator”, researched after the President of
Brazil said that after taking the vaccine, a person would become an alligator [37].

After the process of selecting the variables in the databases, outliers were identified,
as the clustering technique is sensitive to outliers [38]. However, after analyzing the
database, it was decided these values should not be removed. The reason for this is that
outliers may form isolated clusters, which, in the case of Brazilian states with more striking
characteristics, can happen.

With the database already formed, the standardization of variables was carried out
because the use of measurement scales in different magnitudes can distort the analysis, and
the most chosen form, among so many techniques, was the standardization z-score, with a
mean of zero standard deviation 1 [39,40], shown in Equation (1),

Z =
x− µ

SD
(1)

where x is a data value, µ is the average of the values of the interval, and SD is the
standard deviation.

The final database contains information from the 27 federative units for the year 2021.
Twelve attributes were selected and treated, as shown in Table 1.
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Table 1. Description of the variables selected in the database.

Name Variable Type Value

state text Brazilian State
number12_17 number Age range 12 to 17 1

number18_64 number Age range 18 to 64 1

number65_69 number Age range 65 to 69 1

number70_74 number Age range 70 to 74 1

number75_79 number Age range 75 to 79 1

number80_ number Age over 80
medCasosNovos number New COVID-19 cases, on average, per day
medObitosNovos number COVID-19 deaths, on average, per day

densblf number Density of fixed broadband 2

denstm number Density of mobile phone 3

infodemia number Relative volume of research for infodemic terms
1 Number of people vaccinated with both first and second doses; 2 Number of accesses divided by the number of
households; 3 Number of accesses divided by population.

3.2. Selection of the Measure of Distance or Similarity between Each Pair of Objects (B)

After the database was complete, the step was to select the measure of distance or
similarity between each pair of objects. According to Metz [41], this approach builds the
clusters so that examples belonging to the same cluster have a high similarity and examples
belonging to different clusters have a low similarity. The measure chosen was Euclidean
distance, the smallest distance between two components. The smaller the distance, the more
similar the observations [42], and it is the most used distance metric in cluster analysis [41].

Equation (2) represents the Euclidean distance, where the distance between two
observations (i and j) corresponds to the square root of the sum of the squares of the
differences between the pairs of observations (i and j) for all p variables:

dij =

√√√√ p

∑
k=1

(
xik − xjk

)2
(2)

where xik is the value of the variable k referring to observation i and xjk represents variable
k for observation j.

3.3. Selection of the Clustering Algorithm: Hierarchical Method (C)

This step selects the algorithm to maximize the differences between the groups in
comparison with the variation within them. They are divided into hierarchical and non-
hierarchical methods. According to Berkhin [43], some characteristics must be considered
when choosing the clustering algorithm, such as: input types (dissimilarity matrix), at-
tribute types, ability to find groups with different shapes, and outlier tolerance, among
others. These characteristics were evaluated, and the hierarchical average method or un-
weighted pair group method with arithmetic mean (UPGMA) was chosen, which presented
the best results in all executions. This method is less sensitive to noise and outliers and is
defined by Equation (3):

d(i, j) =
1
|i||j| ∑

xa∈ i
xb∈ j

d(xa, xb), (3)

where the distance d(i,j) between two groups is given by the average distance between
objects of different groups.

One of the main advantages of hierarchical clustering algorithms comes from the
representation of their results through dendrograms. A dendrogram is a graphical rep-
resentation in tree format that presents the hierarchy of the clusters obtained [44]. In our
paper, we elaborated on the dendrograms by executing the clustering of the database.
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3.4. Validation of the Clusters (D)

At this stage, the quality of the generated clusters was verified through two algorithms.
The first is the cophenetic correlation coefficient (CCC), which measures the degree of
fit between the similarity matrix (phenetic matrix F) and the matrix resulting from the
simplification provided by the clustering method (cophenetic matrix C) [45]. According to
the proposal of Rohlf [45], cophenetic correlations >0.7 are admissible for good clusters and
it is obtained by Equation (4):

CCC =
Côv(F, C)√
V(F)V(C)

(4)

The second algorithm is the elbow method, which interprets and validates coherence
within cluster analysis, designed to help find the appropriate number of clusters within a
dataset (non-hierarchical method). This method allows for evaluation on how the homo-
geneity or heterogeneity within the clusters varies for the value of each cluster. We can see
this “elbow” when plotting its results on a graph, as there is a break in the direction of the
curve, possibly informing the number of clusters to be defined [46]. Equation (5) shows the
objective function, a squared error function:

W(S, C) =
k

∑
k=1

∑
Xi∈Sk

|Yi − Ck|2 (5)

where S is a k-cluster partition of the entity set represented by the vectors Yi (i ∈ I) in the
M-dimensional feature space, consisting of non-empty non-overlapping clusters Sk, each
with a centroid Ck (k = 1,2, . . . K).

4. Computational Results

The database presented for the cluster analysis consisted of 27 observations and 12 in-
dicators (as shown in Table 1). The data were organized in a spreadsheet and standardized
as the indicators have different measurement units or scales and can change or alter the
grouping structure.

4.1. Analysis with All Age Ranges of Vaccination

The dissimilarity measure used was the Euclidean distance, and for the composition
of the clusters, the Average method was used, which presented the best CCC result, as
can be seen in Table 2. It shows the comparison of the results of the execution of the most
used methods for clustering. For each method, the CCC value, number of clusters, and the
cut-off value in the dendrograms are presented.

Table 2. Comparison of the results of the execution of the most used methods for clustering.

Methods CCC Cluster Number Cut Dendrogram

Average 0.887 6 3.1
Centroid 0.884 6 2.5
Complete 0.734 7 3.6

Single 0.808 7 1.6
Ward 0.647 6 5.0

The cut made on the axis of dissimilarity of the dendrogram was at a height of 3.1,
which demonstrated the composition of six probable groups, as can be seen in Figure 2.
Maranhão (MA) and Pará (PA) are highlighted as having particularities different from
the others and greater similarities to each other in terms of the behavior of the indicators
studied for the observed period. Observing the generated dendrogram, the first DF and
second São Paulo (SP) groups were considered groups with an isolated state.
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Figure 2. Dendrogram generated for the database with all age groups. The multivariate analysis
technique was applied to the 2021 data, grouping Brazil in a different format from the Brazilian
regions, which can be observed in the branches of the tree. It presents satisfactory CCC (0.887), and
six clusters were suggested.

DF is the state with the highest average number of new cases per day of COVID-19
and SP is the largest state in terms of the Brazilian population, and, therefore, they may not
have similarities with the other states in the clusters, both with just one state. The third
group has six states (MA, PA, Amazonas (AM), Amapá (AP), Acre (AC), and Roraima (RR)),
with a representation of 22.22%. The fourth group is composed of two states (Ceará (CE)
and Rio Grande do Norte (RN)). The fifth group (Tocantins (TO)), composed of only one
state, did not show similarities in behavior with other observations. Finally, the sixth group,
the largest in the number of states with sixteen, encompasses states from all Brazilian
geographic regions, representing 59.26% of the total states.

To evaluate the generated dendrogram, the CCC was employed, presenting a result
of 0.887, a value admissible as a good cluster [45]. Thus, the CCC result obtained in this
research shows an adequate adjustment of the applied clustering method.

The application of the elbow method contributed to defining the value of the number
of clusters to be used in the non-hierarchical k-means technique for forming clusters, given
that it collaborates in the optimization of clusters [47]. Figure 3 presents the result of the
elbow method for the studied database.

Figure 3. Curve of elbow method generated for the database with all age groups. The number of the
cluster was determined by looking at the point position on the “elbow” arm.
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The line traces the variation explained as a function of the number of clusters and
chooses the elbow of the curve as the number of six clusters to be used.

For better visualization of the dendrogram result, the spatial distribution of the states
was performed on the Brazilian map. The map (Figure 4) shows that this technique allowed
for the clustering of the states, presenting some dispersed points, possibly because of some
local peculiarities distributed within the group. However, there is a predominance of
clusters within the same Brazilian region, these being within the same group, according to
the method used.

Figure 4. Map of Brazil generated from the dendrogram result with six clusters (with all age groups).
Two large clusters contain 80% of the Brazilian states, presenting a great homogeneity in the behavior
of the population.

It was noticed that two of the six groups generated present the majority of Brazilian
states, indicating similarities in the behavior of the indicators studied. The group with
the states MA, PA, AM, AP, AC, and RR are the states with less internet proliferation [48].
In the largest group, with sixteen states, a possible advance in vaccination is observed in
Brazil for the year 2021, especially in the South and Southeast regions, which have a high
percentage of the immunized population, but areas in the North and Northeast regions still
have low immunization rates for COVID-19 [49].

The North and Northeast are places with a lower Human Development Index, younger
populations, less educated residents, lower income, and more residents of small towns. In
these places, the end of the pandemic seemed farther away than it did for large São Paulo
centers (individual clusters), which already have high vaccine coverage with two doses,
according to scientists [49], and also showed a lower rate of infodemic searches.

The state of DF, on the other hand, had the highest number of infodemic surveys on
vaccination in 2021.

4.2. Analysis with Vaccination of the Elderly 64 Years or Older

The establishment of priority groups for vaccination is an important strategy, based on
epidemiological indicators and the characterization of the vulnerability of the groups [50].
Thus, elderly citizens were the first to be vaccinated in Brazil, prioritized by age group.
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However, for the second analysis, elderly people aged over 64 years were chosen to
represent about 13% of the population [51].

The Euclidean distance was chosen as the dissimilarity measure, and for the composi-
tion of the clusters, the average method was used, which also presented better results, with
a value of CCC = 0.889. The cut on the dendrogram dissimilarity axis was at the height of
1.8, which results in the agglomeration of eight probable groups, as can be seen in Figure 5.

Figure 5. Dendrogram generated with data of the elderly 64 years or older. The multivariate analysis
technique was applied to the 2021 data, grouping Brazil in a different format from the Brazilian
regions, which can be observed in the branches of the tree. It presents satisfactory CCC (0.889), and
eight clusters were suggested.

The first cluster, DF, a cluster with a single state, stands out isolated as it is the state
with the highest average number of new cases per day (outlier) in just one state. The second
group is composed of two states (MA and PA). The next cluster with the states AM, RR,
AC, and AP has 14.81% representation, followed by the cluster with the highest number of
states, six in all (22.22%) and from the same geographic region (RN, Sergipe (SE), Bahia
(BA), Pernambuco (PE), Alagoas (AL) and CE). The fifth, sixth, and seventh clusters, with
three states: Mato Grosso do Sul (MS), Mato Grosso (MT), and Rondônia (RO); TO, Paraíba
(PB), and Piauí (PI); and Rio Grande do Sul (RS), Rio de Janeiro (RJ), and SP. The last cluster
represents 18.53% of the states, with Espírito Santo (ES), Minas Gerais (MG), Paraná (PR),
Goiás (GO), and Santa Catarina (SC).

Figure 6 presents the result of the elbow method for the database of elderly people
aged 64 and over, suggesting the number of eight clusters.

Figure 6. Curve of elbow method generated with data from the elderly 64 years or older. The number
of the cluster was determined by looking at the point position on the “elbow” arm.
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It can be seen that the second cluster analysis resulted in different groups from the
previous analysis, as illustrated in Figure 5, which is better visualized on the Brazilian Map
in Figure 7. More clusters were found with similar characteristics among themselves, and
differences among the clusters.

Figure 7. Map of Brazil generated from the result of the dendrogram with eight clusters (age group
aged 64 and over). States well distributed in the clusters, showing heterogeneity in the behavior of
the population.

This difference in divisions is very marked, in eight clusters tested with data from the
elderly (13% of the population) to six clusters (all age groups) and with a different number
of states per cluster, possibly due to factors such as:

• vaccination of the elderly was the first in the vaccination calendar (and continued
throughout the year 2021) and had no results on the efficacy of vaccines, leading to
mistrust [52];

• vaccination campaigns were starting without many disclosures and some calendars
did not contain information on dates for each group and where to receive the doses.
Each state had the autonomy to prepare the calendar and dissemination;

• vaccines were missing in many states and started applications through the capitals
(sometimes not arriving in the interiors). According to [53], there were three errors
that led to the lack of vaccines: the government did not anticipate and buy vaccines in
2020, there was a lack of definition on who should be vaccinated first, and a lack of
training caused a waste of doses;

• vaccination infodemics were well-exposed and circulated on social media and the
Internet, generating fear and vaccine hesitation. People began to discredit science,
believe in fake news, and act against science [52].

• in addition, the elderly were identified as the most vulnerable in the dissemination of
fake news [54], and they are seven times more likely to spread false news compared to
people under 29 years [55]. This generated a pertinent concern because the presence
of the elderly as internet users has been growing and this has been shown to be the
largest proportional increase among the age groups [55].
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The more infodemics shared, the greater the amount of fear and mistrust in the
population. In this way, the patterns of behavior among the 27 federative units could be
more heterogeneous.

5. Conclusions

The high demand for information corresponding to the growing popularity of COVID-19
vaccination research in news sources highlights the importance of public health officials
working with the media to ensure that information is correct. This is because a high number
of searches for vaccination infodemics can make it difficult for vaccination campaigns to
be productive.

In this sense, the work used infodemic information on COVID-19 vaccination in Brazil,
collected from the GT for the year 2021, with information on the number of vaccinated
population and other important variables to perform a multivariate analysis of data and
employ dendrograms to cluster the Brazilian states.

The use of the clustering technique, for the two analyses performed, resulted in
six and eight clusters, respectively. Different results were found in the number of clusters
and the aggregated states, composed of states with a high probability of having similar
characteristics within each group and differences from the others. The results obtained
with the CCC indicated a good degree of fit between the dendrograms and the dissimilarity
matrices, allowing inferences to be made from the graphic representation. Finally, the
UPGMA clustering algorithm was the most efficient, providing the lowest degrees of
linkage and the highest CCC values.

In the analysis with vaccination data of the elderly aged 64 years or older, more
heterogeneity in the patterns is visualized. During this period, the population had distrust
and fear of vaccine efficacy, generating more sharing and infodemic research on vaccines.
Vaccination in the states followed at different rates.

After analyzing the generated database, six clusters with more clustered states and
more homogeneity was observed. The number of vaccinations increased in the age groups
as clarifications were made about the importance and efficacy of the vaccine, leading to
a significant decrease in both the number of cases and the number of deaths per day,
and, of course, more vaccines were applied with improvements in the rate of evolution of
pandemic numbers.

Future works should combine more information, expand data to two years of vaccina-
tion (2021 and 2022), and add other variables that express social and sociodemographic
inequality, such as age and sex, which would provide more potential explanations for
the behavior of the Brazilian population. It is intended to use the technique of Bayesian
networks that would help policymakers and health managers understand which variables
are most relevant.
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The following abbreviations are used in this manuscript:

AC Acre
AL Alagoas
AM Amazonas
AP Amapá
BA Bahia
CCC Cophenetic Correlation Coefficient
CE Ceará
DF Distrito Federal
ES Espírito Santo
GO Goiás
GT Google Trends
MA Maranhão
MG Minas Gerais
MS Mato Grosso do Sul
MT Mato Grosso
PA Pará
PB Paraiba
PE Pernambuco
PI Piauí
PR Paraná
RJ Rio de Janeiro
RN Rio Grande do Norte
RO Rondônia
RR Roraima
RS Rio Grande do Sul
SC Santa Catarina
SD Standard Deviation
SE Sergipe
SP São Paulo
TO Tocantins
UPGMA Unweighted Pair Group Method with Arithmetic Mean
WHO World Health Organization
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