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RESUMO

O Brasil foi severamente impactado pela pandemia de COVID-19, com mais de 36 milhões de
casos e quase 694 mil mortes reportadas até o final de 2022. Notavelmente, o Brasil apresenta
significativa desigualdade socioeconômica entre suas regiões e municípios. Esta tese analisa
a interação entre fatores locais e a mortalidade por COVID-19 em municípios brasileiros
ao longo dos três primeiros anos da pandemia. Mais especificamente, investiga como as
desigualdades nacionais, representadas por fatores demográficos, sociais, econômicos e
políticos, se correlacionam com a mortalidade por COVID-19. Também avalia os efeitos
do isolamento social, da vacinação e do surgimento de variantes na dinâmica da pandemia.
Utilizando abordagens de epidemiologia computacional, como análise de regressão, técnicas
de agrupamento, análise de correlação cruzada e modelagem epidemiológica, esta tese
fornece percepções sobre os determinantes da mortalidade e sua evolução ao longo do tempo.
Os resultados sugerem que a urbanização desempenha um papel significativo no aumento
das mortes por COVID-19 nos municípios. No entanto, o impacto da urbanização variou
ao longo do tempo, refletindo as medidas de saúde pública adotadas em cada momento. No
início da pandemia, os municípios implementaram isolamento social preventivo, reduzindo
o número básico de reprodução (R0) e mitigando a mortalidade em municípios urbanizados.
Uma mudança para o isolamento social reativo em 2021, associada à disseminação das
variantes Gama e Delta, correlacionou-se com um aumento do R0 e com uma mortalidade
desproporcionalmente maior em municípios urbanizados. Os resultados também mostram
que os esforços de vacinação se correlacionaram significativamente com a redução da
letalidade e ajudaram a controlar os riscos de mortalidade relacionados à urbanização em
2022. Outras variáveis, como fatores ligados à pobreza, população idosa, povos indígenas e
preferência política, também desempenharam papéis relevantes na dinâmica da pandemia
nos municípios. Esta tese contribui com métodos e evidências para que autoridades de saúde
possam analisar e monitorar epidemias, enfatizando a importância de medidas proativas
para controle. Ela introduz um novo modelo epidemiológico com transições nebulosas
para analisar epidemias de múltiplos surtos, validado por meio de sua aplicação a dados
nacionais e municipais, além de sua aplicação na previsão de mortes por COVID-19 e seus
resultados contrastados com evidências sorológicas. Por fim, os resultados ressaltam o valor
de análises dinâmicas e sensíveis ao tempo, além de destacar o papel da desinformação e
das influências políticas no agravamento das crises de saúde.

Palavras-chave: pandemia de COVID-19; epidemiologia computacional; técnicas de miner-
ação de dados; análise de regressão; modelagem epidêmica; modelos de previsão.



ABSTRACT

Brazil was severely impacted by the COVID-19 pandemic, reporting over 36 million cases
and nearly 694 thousand deaths by the end of 2022. Notably, Brazil has pronounced
socioeconomic disparities across its regions and municipalities. This thesis analyzes the
interplay between local factors and COVID-19 mortality in Brazilian municipalities across
the first three pandemic years. More specifically, it investigates how national inequalities
denoted by demographic, social, economic, and political factors correlate with COVID-19
mortality. It also evaluates the effects of social isolation, vaccination, and the emergence of
variants in the pandemic dynamic. Using computational epidemiology approaches, such as
regression analysis, clustering techniques, cross-correlation analysis, and epidemiological
modeling, this thesis comprehensively provides insights into the mortality determinants and
their temporal evolution. The findings suggest that urbanization plays a significant role in
increasing COVID-19 deaths in the municipalities. However, the impact of urbanization var-
ied over time, reflecting the public health measures employed at each moment. In the early
pandemic, the municipalities implemented preventive social isolation, which reduced the
basic reproduction number (R0) and mitigated the mortality in urbanized municipalities.
A shift to reactive social isolation in 2021, associated with the spread of Gamma and Delta
variants, correlates with higher R0 and disproportionately increased mortality in urbanized
municipalities. Findings show vaccination efforts significantly correlated with lethality
reduction and controlled urban-related mortality risks in 2022. Other variables, such as
related poverty factors, elderly population, Indigenous people, and political preference, also
explain the COVID-19 mortality in the municipalities. This thesis contributes methods
and insights for health authorities to analyze and monitor epidemics, emphasizing the
importance of proactive measures to control. It introduces a novel epidemiological model
with fuzzy transitions to analyze multi-outbreak epidemics, demonstrating generaliza-
tion through application to national and municipal data. It demonstrated robustness by
forecasting COVID-19 deaths and validation against serological evidence. The findings
underscore the value of dynamic and time-sensitive analysis and also highlight the role
of misinformation and political influences in exacerbating health crises.

Keywords: COVID-19 pandemic; computational epidemiology; data mining techniques;
regression analysis; epidemic modeling; forecasting models.
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1 INTRODUCTION

The novel coronavirus outbreak began in Wuhan, China, in December 2019 (Huang
et al., 2020) and, in the following months, spread to several countries worldwide. COVID-19
is an infectious disease caused by the SARS-CoV-2 virus (Velavan and Meyer, 2020). An
infected person can spread the virus by small liquid particles when they cough, sneeze,
speak, or breathe (WHO, 2020b). The contagion occurs when a susceptible person comes
into contact with the virus through their eyes, nose, or mouth (WHO, 2020b). Most people
will have mild effects of the disease, but older people and people with certain types of
pre-existing conditions are more likely to have severe illness (Richardson et al., 2020).

The World Health Organization (WHO) declared the COVID-19 pandemic on
11 March 2020 (WHO, 2020d). According to the COVID-19 Data Explorer by the Our
World Data project (Ritchie et al., 2020), nearly 729 million cases and 6.8 million deaths
were registered worldwide until December 2022. Brazil notified nearly 36 million cases and
694 thousand deaths until December 2022, the second country worldwide with the most
reported deaths, behind only the United States (Ritchie et al., 2020).

Many countries worldwide experienced recurrent waves of the COVID-19 pandemic
(Hale et al., 2021). Figure 1 shows that Brazil faced four distinct waves by November 2022:
a prolonged wave in 2020, another in 2021, and two smaller waves in 2022. Additionally, a
new outbreak emerged in December 2022 but began to decrease by the end of the year.
Scientists have studied the relationship between the rise of COVID-19 waves and factors
such as coronavirus variants (Dutta, 2022; Thakur et al., 2021; El-Shabasy et al., 2022;
Batistela et al., 2021), immunity loss (López and Rodó, 2020; Vinceti et al., 2021; Friston
et al., 2020; Batistela et al., 2021), and the Peltzman effect (Iyengar et al., 2022; Juyal
et al., 2021), which regards that people adjust their behavior based on perceived risk.

Beyond these factors, we examine how demographic, social, economic, political,
vaccination, and population mobility variables correlate with COVID-19 mortality in
Brazilian municipalities over the first three years of the pandemic. The fact is that Brazil
experienced a flattened mortality peak of around 1,000 deaths per day in 2020. The second
wave in 2021, however, was the deadliest, with a peak of 3,000 deaths per day. Although
2022 saw the highest number of COVID-19 cases, the Case Fatality Rate (CFR) dropped
significantly compared to the second wave.
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Figure 1 – Time series of COVID-19 in Brazil at the reported date on the National
Monitoring Panel. (a) New reported cases and (b) new reported deaths.

Source: COVID-19 National Monitoring Panel (DATASUS, 2020a)

We are motivated to investigate the COVID-19 pandemic at the municipal level
in Brazil due to the pronounced socioeconomic disparities across its regions (Salata, 2020;
Mourao and Junqueira, 2021; Cavalini and de Leon, 2008). This thesis aims to deter-
mine whether local characteristics may have contributed to the differences in COVID-19
mortality rates between municipalities. As shown in Figure 2, these rates varied widely,
even within the same region or state, highlighting the variable impact of the pandemic
throughout the country.

This thesis is a study in computational epidemiology, in which we apply data
mining techniques, multiple regression analysis, and epidemiological modeling to analyze the
COVID-19 pandemic in Brazilian municipalities. Our approach provides a comprehensive
understanding of the factors related to the pandemic progression and mortality rates across
different regions and moments.
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(a) Boxplots of COVID-19 mortality rate per
100,000 inhabitants in Brazilian municipali-
ties grouped by regions. The lower and upper
bounds represent the first and third quartiles,
respectively. The vertical line within the box
indicates the median, while the whiskers ex-
tend to the minimum and maximum values
within 1.5 times the interquartile range. The
points represent the outlier municipalities.

(b) Map of Brazilian municipalities highlighting
COVID-19 mortality rate per 100,000 inhabi-
tants. Outliers represent municipalities with a
death rate higher than the third quartile plus
1.5 times the interquartile range. The miss-
ing data pertain to 10 Brazilian municipali-
ties excluded from this study. The maps seg-
ment the states of the Brazilian regions: North
(AC: Acre, AM: Amazonas, AP: Amapá, PA:
Pará, RO: Rondônia, RR: Roraima, TO: To-
cantins), Northeast (AL: Alagoas, BA: Bahia,
CE: Ceará, MA: Maranhão, PB: Paraíba, PE:
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Norte, SE: Sergipe), Midwest (DF: Federal
District, GO: Goiás, MS: Mato Grosso do Sul,
MT: Mato Grosso), Southeast (ES: Espírito
Santo, MG: Minas Gerais, RJ: Rio de Janeiro,
SP: São Paulo), and South (PR: Paraná, RS:
Rio Grande do Sul, SC: Santa Catarina).

Figure 2 – COVID-19 mortality rate per 100,000 inhabitants across Brazilian municipalities
between 2020 and 2022.

Source: Mortality Information System (SIM) (DATASUS, 2022b)

1.1 Research question

What are the key factors correlating with COVID-19 mortality rates across
Brazilian municipalities during the first three years of the pandemic, and how do these
factors interact with epidemiological dynamics?
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1.2 Objectives

The main objective of this thesis is to measure, analyze, and explain the factors
correlating COVID-19 mortality across Brazilian municipalities during the different phases
of the pandemic, spanning its first three years. To achieve this, we set the specific objectives:

• Develop and organize a comprehensive database covering the first three years of the
COVID-19 pandemic in Brazilian municipalities.

• Analyze the relationships between demographic, social, economic, political, and
vaccination coverage factors and the COVID-19 mortality rate in these municipalities.

• Estimate the parameters of an epidemiological model to describe COVID-19 mortality
in Brazilian municipalities.

• Evaluate the performance of models in forecasting the COVID-19 mortality rate in
the medium-term for these municipalities.

• Investigate the associations between estimated epidemiological parameters and
factors such as social isolation measures, vaccination efforts, and the emergence of
new variants in Brazilian municipalities.

1.3 Contributions

This thesis makes significant contributions to the fields of computational epidemi-
ology, public health, and bioinformatics, which are outlined as follows:

• A detailed analysis of the COVID-19 pandemic in Brazil over three years reveals
that, in the early stages, municipalities with lower human development indices
experienced a higher correlation with COVID-19 mortality. The impact shifted
toward municipalities with larger urban populations as the pandemic progressed.

• Investigates the relationship between political preferences and COVID-19 mortality
in Brazilian municipalities throughout the pandemic revealed a positive correlation
between the percentage of votes for Bolsonaro and mortality.

• Demonstration that assessing COVID-19 mortality risk in Brazilian municipalities
requires a dynamic, time-sensitive approach due to the changing correlations between
sociodemographic factors and mortality throughout the pandemic.

• Insights into the need for targeted interventions in more urbanized areas, municipali-
ties with high proportions of elderly residents, and Indigenous populations to better
mitigate the effects of future epidemics.
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• Development of a modified epidemiological model for analyzing multi-outbreak epi-
demics, incorporating fuzzy transitions between epidemic phases to account for
variations over time.

• Comparison of model simulations with official reports, uncovering significant dispar-
ities and revealing potential underreporting of COVID-19 cases in official data.

• Recommendations for the use of diverse models in epidemiological surveillance to
improve the reliability and comprehensiveness of future forecasts.

• Identification of challenges associated with forecasting beyond a four-week horizon,
underscoring the limitations of longer-term predictions.

• Correlation of model outcomes with data on social isolation, vaccination rates, and
the emergence of new variants, providing a holistic understanding of factors shaping
the pandemic trajectory.

• Implications for public health policies and interventions aimed at mitigating the
effects of infectious disease outbreaks, contributing to more informed decision-making
in future public health crises.

1.4 Thesis structure

We organized the remainder of this thesis as follows:

• Chapter 2 - EPIDEMIOLOGICAL CONCEPTS AND MODELING: This
chapter introduces key epidemiological concepts and measures necessary for under-
standing this thesis. It covers epidemic modeling techniques, including mathematical,
data-driven, and regression-based models. Additionally, it reviews related work that
has utilized these models to analyze the COVID-19 pandemic.

• Chapter 3 - THE COVID-19 IN BRAZIL: This chapter provides an in-depth
analysis of the COVID-19 dynamics in Brazil over the first three years of the
pandemic. It highlights key epidemiological data, COVID-19 outbreaks, the effective
reproduction number (Rt), CFR, public health measures, human mobility, vaccination
efforts, and the emergence of coronavirus variants.

• Chapter 4 - MULTIPLE REGRESSION ANALYSIS OF KEY FACTORS
IN COVID-19 MORTALITY: This chapter presents an ecological analysis at the
municipal level to investigate sociodemographic clusters and variables associated with
COVID-19 mortality from 2020 to 2022. Using the Gaussian Mixture Model (GMM),
we clustered Brazilian municipalities into five sociodemographic groups and applied
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negative binomial regression models to estimate correlations between these factors
and COVID-19 mortality. The analysis reveals that municipalities with lower human
development indices experienced higher mortality early in the pandemic, while later
stages saw higher mortality in municipalities with higher levels of urbanization
and elderly populations. Our findings show that the political preference of the
municipalities plays a significant role in the regression analysis. We also discuss the
temporal exposure and other factors correlating with COVID-19 mortality, such as
service workers, Indigenous populations, and vaccination coverage.

• Chapter 5 - A COVID-19 MODEL WITH FUZZY TRANSITIONS BE-
TWEEN EPIDEMIC PERIODS: This chapter provides a thorough analysis of
the COVID-19 pandemic in Brazil, covering five distinct waves over three years. It
introduces a novel SIRDS model with fuzzy transitions between epidemic periods,
designed to estimate key epidemiological parameters, such as the basic reproduc-
tion number (R0), underreporting factors, Infection Fatality Rate (IFR), and the
immunity period. Using this model, we accurately assessed the extent of case under-
reporting and the pandemic dynamics. We validated our results through comparison
with serological studies, and the model demonstrated its versatility by successfully
simulating epidemic scenarios in other countries.

• Chapter 6 - MODELS FOR MEDIUM-TERM FORECASTING COVID-
19 MORTALITY IN LARGE BRAZILIAN MUNICIPALITIES: This chap-
ter offers a retrospective evaluation of COVID-19 mortality forecasting models across
the 41 largest Brazilian municipalities. The performance of compartmental, data-
driven, hybrid, and ensemble models is analyzed over nine forecasting windows. While
our compartmental model provided the most stable results, the study underscores
the value of using multiple models for reliable predictions.

• Chapter 7 - ANALYZING THE COVID-19 PARAMETERS FOR LARGE
BRAZILIAN MUNICIPALITIES: This chapter analyzes the evolution of
COVID-19 in Brazilian largest municipalities between 2020 and 2022. It uses the
model with fuzzy transitions to estimate key epidemiological parameters and cor-
relates them with social isolation, vaccination efforts, and the emergence of new
variants. The chapter highlights the role of social isolation in reducing R0 in 2020
and the impact of mass vaccination on lowering the IFR in 2022.

• Chapter 8 - CONCLUSIONS: This final chapter synthesizes the findings pre-
sented in the previous chapters, discussing the factors correlating with COVID-19
mortality in Brazilian municipalities. It also provides insights and directions for
future research.
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2 EPIDEMIOLOGICAL CONCEPTS AND MODELING

Epidemiology investigates the emergence and spread of health-related events in
human populations, examines their causes, and evaluates the impact of proposed interven-
tions to control them (Carr et al., 2007). The events studied in epidemiology may include
disease, mortality, recovery, and the use of health services (The Open University, 2016).

There are two main categories of epidemiological studies: analytical and inter-
ventional. Analytical studies include ecological, cross-sectional, case-control, and cohort
studies, while intervention studies refer to clinical and community trials (Carr et al., 2007).

This thesis uses the ecological study design, which only considers aggregated data.
Ecological studies do not use individuals as units of analysis but data from a group of
people, usually defined by geographic regions. These studies help formulate hypotheses
but have limited robustness in checking causality (Bonita et al., 2006).

2.1 Concepts and measures

Below, we present concepts and measures of epidemiology used in this thesis.

• Prevalence: a metric used to determine the proportion or frequency of a health
condition within a specific population at a particular point in time (Ceylan, 2020).

• Incidence: a metric denoting the frequency of new cases regarding a health condition
that developed within a specific population during a particular period (Ceylan, 2020).

• Mortality rate: M = d
P
×100, 000, where M is the death rate per 100,000 inhabitants,

d is the number of deaths during a specific period, and P is the population.

• Case rate: C = c
P
× 100, 000, where C is the case rate per 100,000 inhabitants, c is

the number of cases during specific period, and P is the population.

• Case Fatality Rate (CFR): CFR = d
c
× 100, where CFR is the disease lethality

expressed as a percentage, d is the number of deaths during specific period, and c

is the number of reported cases in same period (Mahase, 2020).
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• Infection Fatality Rate (IFR): IFR = d
i
×100, where IFR is a refined disease lethality

expressed as a percentage, d is the number of deaths during a specific period, and
i is the number of infections (reported cases or not) in same period (Mahase, 2020).

• Primary case: an individual who first brings a disease into a group of individuals
(a school class, community, or country); this term is applied only when it is an
infectious disease that spreads from human to human (Giesecke, 2014).

• Secondary case: “a person who gets a disease from exposure to a diseased person,
or primary case, rather than the epidemic source itself” (El-Gilany, 2021).

• Index case: “the patient in an outbreak who is first noticed by the health authorities,
and who makes them aware that an outbreak might be emerging” (Giesecke, 2014).

• Incubation period: corresponds to the period between infection and the onset of
symptoms (Xiang et al., 2021).

• Infectious period: “the time interval during which the infected individuals could
transmit the disease to any susceptible contacts” (Xiang et al., 2021).

• Latent period: corresponds to the time between infection and the start of the
infectious period (Xiang et al., 2021).

• Protected period: the duration of time in which individuals who have recovered from
a previous infection are immune to the same disease (Bjørnstad et al., 2020a).

• Serial interval: “the time from the onset of symptoms in the primary case to the
onset of symptoms in secondary case” (Xiang et al., 2021).

• Generation time: “the time the onset of infectiousness in the primary case to the
onset of infectiousness in the secondary case” (Xiang et al., 2021).

2.2 Epidemiological modeling

Epidemiological modeling comprises mathematical and computational techniques
to deepen our understanding of epidemics and support policymakers’ decision processes.
Researchers have applied different methods to study COVID-19, including compartmental
models, agent-based models, regression analysis, and data-driven approaches (Rahimi et al.,
2021; Shankar et al., 2021). These models serve various purposes, such as estimating the
actual magnitude of an epidemic, forecasting future trends, identifying correlated factors,
evaluating the impact of public health interventions, assessing healthcare system demands,
predicting potential outbreak hotspots, and guiding resource allocation to mitigate the
spread of disease (Rahimi et al., 2021; Shankar et al., 2021).
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The following subsections provide an overview of the modeling approaches relevant
to this thesis: compartmental models (Section 2.2.1), data-driven models (Section 2.2.2),
and regression analysis models (Section 2.2.3).

2.2.1 Compartmental models

Second Newman (2003), the Susceptible, Infected, Recovered (SIR) model was
first formulated by Lowell Reed and Wade Hampton Frost in the 1920s. This is a simple
compartmental model for modeling an epidemic, which divides the population into three
compartments: susceptible (S), infected (I), and recovered (R). The dynamic of this model
consists in the process where infected individuals can infect susceptible individuals, and
after the infectious period, the infected individuals recover, which implies the individual
getting immunity (Newman, 2003; Easley and Kleinberg, 2010; Bjørnstad et al., 2020a).

Many works have been utilized the compartmental models in the context of COVID-
19 for a variety of purposes, including the estimation of epidemiological parameters (Bastos
and Cajueiro, 2020; Davarci et al., 2023; Kamrujjaman et al., 2022; Massard et al., 2022),
forecasting future trends (Tang et al., 2020; Martins et al., 2020; Davarci et al., 2023;
Sarkar et al., 2020), and simulating potential scenarios (Abolpour et al., 2021; Volpatto
et al., 2023; Shah et al., 2022; Jung et al., 2023; Gao et al., 2023; Ramos et al., 2021).

There are many specializations of SIR model, such as, the Susceptible, Infected,
Susceptible (SIS) model (Newman, 2003), the Susceptible, Exposed, Infected, Recovered,
Susceptible (SEIRS) model (Bjørnstad et al., 2020a), the Susceptible, Infected, Recovered,
Dead, Susceptible (SIRDS) model (Gallos and Fefferman, 2015), and the Susceptible,
Exposed, Infected, Hospitalized, Recovered (SEIHR) model (Choi and Ki, 2020).

Figure 3 shows the SIRDS model. This model is appropriate for modeling disease
epidemics in that the immunity after infection is temporal, and a recovered individual
becomes susceptible after some time. SIRDS model also adds the new compartment dead
(D), which allows specifying the outcome of an infected individual as recovered or dead.

S

D

R

I
β γ

1 - f

ω

Infection
f

Recovery

Loss of immunity

Death

Figure 3 – Illustration of the Susceptible-Infected-Recovered-Dead-Susceptible (SIRDS)
model. Each compartment is denoted by a corresponding letter: S for
Susceptible, I for Infected, R for Recovered, and D for Deceased. The model
parameters include contact rate (β), recovery rate (γ), infection fatality
probability (f), and immunity loss rate (ω).
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The SIRDS model, with S representing susceptible individuals, I representing
infected individuals, R representing recovered individuals, and D representing deceased
individuals, follows this dynamics:

• The contact rate (β) at each time unit (t) defines the rate at which the I infects the S.

• The I become either R or D at each t according to the recovery rate (γ) and the
infection fatality probability (f).

• The R become S at each t due to the immunity loss rate (ω).

The reproduction number (R0) is a key parameter in epidemic models, representing
the average number of new infections generated by each infected individual introduced
into a population with no prior immunity (Bjørnstad et al., 2020a). The others SIRDS
parameters γ, β, f , and ω are specified in the equations below:

γ =
1

infectious period
, (2.1)

β =
R0

infectious period
= γR0, (2.2)

f =
IFR
100

, (2.3)

ω =
1

protected period
. (2.4)

Being N = S(0) + I(0) +R(0), the compartments change over time following the
four equations presented below (Bjørnstad et al., 2020b; Bastos and Cajueiro, 2020):

dS

dt
= −βIS

N
+ ωR, (2.5)

dI

dt
=
βIS

N
− γI, (2.6)

dR

dt
= (1− f)γI − ωR, (2.7)
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dD

dt
= fγI. (2.8)

The effective reproduction number (Rt) is a crucial metric used to track the
progression of an epidemic, calculated by (Nishiura and Chowell, 2009; Gostic et al., 2020;
Cintrón-Arias et al., 2008):

Rt = R0
S

N
. (2.9)

Rt measures whether the number of new infections is increasing (Rt > 1) or
decreasing (Rt < 1) in a population (Arroyo-Marioli et al., 2021). In essence, the Rt

indicates the epidemic trend, whether it is growing or declining, or if it is transitioning into
an endemic state, where the Rt remains stable around one over time (Choi and Ki, 2020).

We can also estimate the R0 from the Rt and S, as:

R0 = Rt
N

S
. (2.10)

After defining the compartmental model, the modeler must estimate the relevant
epidemiological parameters. According to Shankar et al. (2021), parameter estimation is
a significant challenge for simulating infectious disease outbreaks using compartmental
models. When performing these estimations, it is crucial to regard scientific evidence on
factors such as transmission rates, infectious periods, lethality, and the duration of im-
munity. Using appropriate methods to estimate these parameters ensures that simulations
are robust and reliable.

There are several methods available for estimating epidemiological parameters in
compartmental models. Generally, these methods involve fitting the model to available
data and minimizing the deviance between observed and simulated epidemic trajectories
(Keeling and Rohani, 2008). In the context of COVID-19, various approaches have been
employed, including Markov Chain Monte Carlo (MCMC) (Suchoski et al., 2022; Acuña-
Zegarra et al., 2020; Mbuvha and Marwala, 2020), least squares fitting (Cantó et al., 2017;
Mpinganzima et al., 2023; Batistela et al., 2021), gradient-based optimization (Fan et al.,
2021; Millevoi et al., 2024), genetic algorithms (Fanelli and Piazza, 2020; Xavier et al.,
2022a; Reis et al., 2021; Pinto Neto et al., 2021), Particle Swarm Optimization (PSO) (Pu-
tra et al., 2019; Massard et al., 2022), curve fitting (Pereira et al., 2020), and Approximate
Bayesian Computation (ABC) combined with Monte Carlo simulations (Asher et al., 2023;
Cunha Jr et al., 2023; Ritto et al., 2021).
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In summary, compartmental models are deterministic frameworks that simulate
epidemics by splitting the population into distinct groups based on disease status. These
models rely on parameter estimation to align simulations with observed data, often
involving stochastic optimization techniques, such as MCMC or genetic algorithms. These
methods introduce an element of uncertainty, enabling the calculation of Confidence
Intervals (CI) for the parameter estimates.

2.2.2 Data-driven models

While compartmental models use the optimization of ordinary differential equations
to simulate the epidemic dynamic, data-driven models focus on predicting patterns directly
from the available data, often without explicitly modeling underlying epidemic processes.
These models encompass approaches such as autoregressive models, machine learning
algorithms, and deep learning frameworks. While data-driven epidemiological models excel
in short-term forecasting, they tend to lack reliability for long-term predictions due to
their limited ability to capture epidemic dynamics (Shankar et al., 2021). Moreover, they
are less effective during the early stages of an outbreak when historical data is sparse.

In the context of COVID-19, many studies utilized time series models like
Autoregressive Integrated Moving Average (ARIMA) to forecast confirmed cases. For
example, Ribeiro et al. (2020) applied ARIMA to predict cases over a six-day horizon,
Hernandez-Matamoros et al. (2020) used it for a 15-day horizon, and Alzahrani et al.
(2020) extended the prediction horizon to four weeks. ARIMA is a statistical approach
that captures temporal dependencies in the data by optimizing three key parameters:
autoregressive terms (p), differencing order (d), and moving average terms (q).

Machine learning models, on the other hand, depend on a training process to dis-
cover complex patterns within the data. These models offer flexibility but present challenges
such as hyperparameter tuning, particularly critical for artificial neural networks. In the
COVID-19 literature, machine learning models have been widely applied, including random
forest (Watson et al., 2021; Dansana et al., 2022; Ribeiro et al., 2020), gradient boosting
(Rahman and Chowdhury, 2022; Shrivastav and Jha, 2021), and Long Short-Term Memory
(LSTM) architectures (Arora et al., 2020; Chimmula and Zhang, 2020; Devaraj et al., 2021).

In Chapter 7, we implemented a LSTM model to forecast COVID-19 mortality in
Brazilian municipalities. LSTM is a type of Recurrent Neural Network (RNN), specifically
designed for time series prediction tasks, and is equipped with extended long-term memory
capabilities (Hochreiter and Schmidhuber, 1997). The essential components of an LSTM
architecture include the input layer, where each input feature corresponds to a neuron;
the output layer, where neurons represent the predicted values of the time series; and one
or more hidden layers, each consisting of multiple neurons (Hochreiter and Schmidhuber,
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1997). Within these hidden layers, the LSTM algorithm manages short-term and long-term
memory using mechanisms such as forget gates, input gates, and output gates (Zaki and
Meira Jr, 2020). These gates operate with weights and activation functions optimized
during training (Zaki and Meira Jr, 2020). This design helps mitigate vanishing and
exploding gradients and facilitates recurrent feedback loops, enabling effective learning of
temporal dependencies (Hochreiter and Schmidhuber, 1997).

Training an LSTM model consists of preparing a time series dataset and structuring
it into sequences compatible with the model input layer. During training, the LSTM
processes input data through its layers, using mechanisms like forget, input, and output
gates to manage internal states and capture temporal dependencies (Zaki and Meira Jr,
2020). A loss function, such as Mean Squared Error (MSE), computes the error between
predicted and actual values. Parameters are then optimized using backpropagation through
time and gradient-based methods, such as Stochastic Gradient Descent (SGD) (Bottou,
2010) or Adam (Kingma and Ba, 2017). This process is repeated over multiple epochs,
adjusting weights and biases to minimize the loss (Zaki and Meira Jr, 2020). Validation data
is used to fine-tune hyperparameters and prevent overfitting, with testing data employed
to evaluate the model generalization.

2.2.3 Regression analysis models

Regression techniques are fundamental statistical methods used to model and
understand the relationship between a dependent variable (the response variable) and
one or more explanatory variables (independent or predictor variables, covariates, or risk
factors) (Bender, 2009). These techniques help quantify how changes in the explanatory
variables influence the response variable, making them essential for predictive modeling and
inference in various fields (Bender, 2009). When the model includes only one explanatory
variable, it is called simple regression. Including multiple explanatory variables, by contrast,
results in multiple or multifactorial regression (Bender, 2009).

Multiple regression models are widely used in epidemiology to explore the impact
of various risk factors on outcomes like mortality or disease incidence (Bender, 2009). These
models allow researchers to estimate adjusted effects, controlling for potential confounders
and delivering more accurate and unbiased estimates of relationships (Bender, 2009).
Depending on the nature of the outcome variable, different regression models are chosen,
including linear regression for continuous outcomes, logistic regression for binary outcomes,
Cox regression for time-to-event data, and Poisson regression for count data (Bender, 2009).

In the context of COVID-19, the works commonly apply the Poisson regression,
particularly for modeling the number of cases or deaths (Hastenreiter Filho and Cavalcante,
2022; López-Bazo, 2024; Unruh et al., 2022; Lorenz et al., 2021; Morrissey et al., 2021;
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Hoebel et al., 2021; Bermudi et al., 2021; Clouston et al., 2021b; Das et al., 2020; Fantin
et al., 2023; Yoshikawa and Kawachi, 2021). This model is part of the Generalized Linear
Model (GLM) framework, where the response variable Y is linked to its mean µ through
the logarithmic link function (Bender, 2009). It assumes a linear relationship between the
explanatory variables, X1, . . . , Xk, and the logarithm of the expected value of Y (Bender,
2009). Specifically, in Poisson regression, Y is assumed to follow a Poisson distribution,
where the mean and variance are equal, i.e., µ = var(Y ). The general form of the Poisson
GLM is given by:

{
Y ∼ Poisson(µ),

ln(µ) = a0 + a1x1 + · · ·+ akxk,
(2.11)

where a0 is the intercept, aj are the regression coefficients, and xj are the values of the
explanatory variables (Bender, 2009; Dunn et al., 2018). The model assumes that a one-unit
increase in Xj results in a multiplicative change of exp(aj) in the expected frequency µ,
holding other variables constant (Bender, 2009; Dunn et al., 2018).

However, researchers have noted that COVID-19 data often exhibit overdispersion,
where the variance exceeds the mean. They have used the negative binomial regression
model to account for this (Hastenreiter Filho and Cavalcante, 2022; Johnson and Owusu,
2024; López-Bazo, 2024; Unruh et al., 2022; Yoo et al., 2022; Das et al., 2020; De Angelis
et al., 2021). The negative binomial model provides additional flexibility to account for
overdispersed data (Dunn et al., 2018). This model can be formulated as a Poisson-Gamma
mixture model, where:

Y |λ ∼ Poisson(λ) and λ ∼ Gamma(µ, ψ), (2.12)

with λ following a Gamma distribution with mean µ and coefficient of variation ψ. The pa-
rameter ψ represents the dispersion, related to the Gamma distribution shape parameter α
as ψ = Var(λ)/E(λ)2 = 1/α. Consequently, the variance of Y becomes Var(Y ) = µ+µ2/α,
where the term µ2/α accounts for the observed overdispersion (Dunn et al., 2018).

Collinearity among explanatory variables is a significant challenge in interpreting
regression models (Dunn et al., 2018). Collinearity occurs when some covariates are
highly correlated, potentially destabilizing the regression coefficients (Dunn et al., 2018;
Dobson and Barnett, 2018). We can detect collinearity for each explanatory variable Xj

by calculating the Variance Inflation Factor (VIF):

VIFXj
=

1

1−R2
j

, (2.13)
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whereR2
j is the coefficient of determination got from regressingXj against all other variables.

A VIF of 1 indicates no collinearity. Montgomery et al. (2021) suggest that VIFs exceeding
5 indicate poorly estimated regression coefficients. Additionally, Dunn et al. (2018) note
that pairwise correlations greater than 0.7 are a collinearity concern. Methods to address
collinearity include omitting explanatory variables, combining explanatory variables, col-
lecting more data, and using ridge regression (Montgomery et al., 2021; Dunn et al., 2018).

Once the model specification is defined, including the link function, explanatory
variables, and the response distribution, the next step is the parameter estimation (Dobson
and Barnett, 2018). Maximum likelihood estimation and least squares are parameter
estimation methods widely used for GLMs (Dobson and Barnett, 2018). Statistical software,
such as R and statsmodels (Python library), provides convenient tools for estimating these
parameters without requiring manual calculations.

Fitting a model is an iterative process, encompassing defining the model, estimating
its parameters, and performing diagnostics (Bender, 2009; Dunn et al., 2018; Dobson and
Barnett, 2018). Crucial diagnostics include evaluating the normality of residuals and assess-
ing goodness-of-fit using various statistics (Dunn et al., 2018; Dobson and Barnett, 2018).

Deviance (D) is a key statistic for evaluating the goodness-of-fit in regression mod-
els. It compares the log-likelihood of a saturated model, one that perfectly fits the data, with
the log-likelihood of the fitted model (Hilbe, 2011; Dunn et al., 2018). For a Poisson-Gamma
mixture model, the deviance, D(Y, µ̂), is calculated as (Hilbe, 2011; Dunn et al., 2018):

D(Y, µ̂) = 2
n∑

i=1

(
yi ln

(
yi
µ̂i

)
− (yi + α) ln

(
yi + α

µ̂i + α

))
, (2.14)

where µ̂ are the outcomes estimated by the model.

Another widely used statistic is Pearson’s chi-squared (χ2), which evaluates the
sum of squared standardized residuals. For a Poisson-Gamma mixture model, this statistic
is given by (Hilbe, 2011):

χ2(Y, µ̂) =
n∑

i=1

(yi − µ̂i)
2

µ̂i +
µ̂i

2

α

. (2.15)

In addition to D and χ2, pseudo-R2 metrics, such as Cox & Snell (R2
CS) and

McFadden (R2
McF), offer insight into the model fit relative to the null model, a model with

only an intercept and offsets (Smith and McKenna, 2013). These metrics are valuable for
comparing model performance and evaluating improvements in predictive accuracy (Smith
and McKenna, 2013). Unlike the traditional R2 in linear regression, which measures the
proportion of variance explained, pseudo-R2 values in GLMs reflect relative model fit. R2

CS

is calculated as:
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R2
CS = 1− exp

(
LLnull − LLmodel

n

)
, (2.16)

where LLnull is the log-likelihood of the null model, LLmodel is the log-likelihood of the
fitted model, and n is the number of observations (Smith and McKenna, 2013).

R2
McF, derived from the log-likelihood ratio between the fitted and null models, is

given by (Smith and McKenna, 2013):

R2
McF = 1− LLmodel

LLnull
. (2.17)

For a more comprehensive evaluation, the Akaike Information Criterion (AIC)
and Bayesian Information Criterion (BIC) provide a balanced measure of model fit and
complexity, being especially useful for non-nested models (Dobson and Barnett, 2018;
Dunn et al., 2018). The AIC is calculated as:

AIC = 2k − 2LLmodel, (2.18)

where k represents the number of estimated parameters in the model (Dunn et al., 2018).
Similarly, the BIC is calculated as (Dunn et al., 2018):

BIC = ln(n)k − 2LLmodel. (2.19)

As emphasized by Dunn et al. (2018), diagnosing potential outliers is essential
when fitting a GLM, as they can significantly influence model estimates. One method for
detecting outliers is by assessing Pearson residuals (rP ), which for a negative binomial
model is defined as:

rP =
y − µ̂√
µ̂+ αµ̂2

. (2.20)

In addition to residual diagnostics, we should evaluate influential observations
that can substantially alter the fitted model. Dunn et al. (2018) recommend using Cook’s
distance to diagnose such observations. Cook’s distance is given by:

CD =
(r

′
P )

2

p

h

1− h
, (2.21)

where r′P is the standardized Pearson residual, p is the number of predictors in the model
(including the intercept), and h is the leverage of the observation. Thus, CD helps identify
observations that combine large residuals with high leverage (Dunn et al., 2018).
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3 THE COVID-19 IN BRAZIL

In this chapter, we present essential data for understanding the COVID-19 pan-
demic in Brazil. Section 3.1 introduces the primary data sources related to COVID-19,
while Section 3.2 explores the dynamics of the pandemic at different granularity levels.
Sections 3.3 and 3.4 provide overviews of public health measures and significant coronavirus
variants, respectively.

3.1 Data sources

This thesis utilizes a range of databases relevant to COVID-19, including epi-
demiological data, vaccination records, variant tracking, population mobility, and health
infrastructure. To support comparative analysis across different locations, we used pop-
ulation data from the 2022 Demographic Census (IBGE, 2022), provided by the Brazilian
Institute of Geography and Statistics (IBGE).

3.1.1 Epidemiological data

The initial source of COVID-19 data in Brazil was the Monitoring Panel (DATA-
SUS, 2020a), which provided timely updates throughout the pandemic, incorporating daily
information on new cases and deaths. However, it is essential to acknowledge that this
data reflects the date of reporting by health authorities rather than the onset of symptoms
or death. This characteristic has resulted in delayed information and time series marked
by artificial weekly seasonality, as depicted in Figure 1.

To address these limitations, we utilized the Mortality Information System (SIM)
(DATASUS, 2022b) database from the Brazilian Health Ministry, which offers comprehen-
sive details on all reported deaths in the country. Focusing on COVID-19 deaths, we filtered
the dataset using the International Classification of Diseases (ICD) code B34.2 as the
primary cause. Unlike the Monitoring Panel, this database reports the actual date of death
occurrence, leading to a time series free of artificial seasonality, as illustrated in Figure 4b.
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Figure 4 – Temporal dynamics of COVID-19 in Brazil sourced from different datasets.
(a) New COVID-19 cases reported by onset symptoms date of Severe Acute
Respiratory Syndrome (SARS) patients. (b) New deaths of SARS patients re-
ported by death date, new COVID-19 deaths reported in Mortality Information
System (SIM) by death date, and a 7-day rolling average of new COVID-19
deaths reported in Monitoring Panel by reporting date.

Source: SARS database (DATASUS, 2022a), SIM (DATASUS, 2022b), and COVID-19
Monitoring Panel (DATASUS, 2020a).

Furthermore, the Brazilian Health Ministry provides the Severe Acute Respiratory
Syndrome (SARS) database (DATASUS, 2022a), containing severe cases of COVID-19. In
Figure 4b, we present COVID-19 deaths reported for SARS patients, with this dataset
recording the event date and avoiding artificial seasonality in death data. Regarding severe
COVID-19 cases, Figure 4a shows that only a tiny fraction of COVID-19 cases escalated in
severity compared to the reported cases in Figure 1a. The SARS database reports the onset
date of symptoms, a crucial contribution to analyzing disease spread dynamics. Lastly, we
observe a weekly seasonality in the onset date of symptoms, although this is lower than
the seasonality observed for cases reported in the Monitoring Panel (DATASUS, 2020a).

This thesis analyzes the COVID-19 pandemic in Brazil across the first three years,
from 2020 to 2022. Table 1 summarizes the data obtained from the investigated databases.
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Table 1 – Summary of COVID-19 data in Brazil (2020-2022).

Database Data 2020 2021 2022 Total
Monitoring Panel (DATASUS, 2020a) Cases 7,675,973 14,611,548 14,043,760 36,331,281
Severe Acute Respiratory
Syndrome (SARS) (DATASUS, 2022a) Cases 708,141 1,219,288 238,679 2,166,108
Monitoring Panel (DATASUS, 2020a) Deaths 194,949 424,107 74,797 693,853
Severe Acute Respiratory
Syndrome (SARS) (DATASUS, 2022a) Deaths 206,468 397,498 63,952 667,918
Mortality Information System (SIM)
(DATASUS, 2022b) Deaths 212,704 424,461 65,392 702,557

3.1.2 Vaccination data

We used vaccination data from the Brazilian Health Ministry (Brasil, 2022). In
Brazil, up to 2022, the national health service administered COVID-19 vaccines produced
by AstraZeneca, Janssen, Pfizer/BioNTech, and Sinovac. The standard vaccination protocol
required two doses for all vaccines except for the Janssen vaccine, which required only a
single dose (WHO, 2023). Consequently, we consider an individual fully vaccinated after
receiving two doses of AstraZeneca, Pfizer/BioNTech, or Sinovac vaccines or a single dose
of the Janssen vaccine.

3.1.3 Variants data

We collected state-level data on COVID-19 genomic surveillance in Brazil reported
monthly by the Fundação Oswaldo Cruz (Fiocruz, 2020). We focused on identifying the
Variants of Concern (VOCs) with significant prevalence in the country. These include
Gamma, Delta, and Omicron, with specific attention to the Omicron sublineages BA.1,
BA.2, BA.4, and BA.5. We grouped other lineages with low prevalence in Brazil, providing
a comprehensive overview of the genomic landscape in the country.

3.1.4 Human mobility data

We utilized data from the COVID-19 Community Mobility Report (Google, 2020)
produced by Google to monitor human mobility during the COVID-19 pandemic. This
report provided a measure of the percent change in time spent in residential places by
Google users at the municipal level, which we referred to as stay-at-home index (∆H). To
calculate this measure, Google compared the time spent in residential places on a specific
date to a baseline period of January 3, 2020, to February 6, 2020. For all days of the week,
Google defines the baseline as the median time spent in residential places on that day
during the baseline period. The data were aggregated at the national, state, and municipal
levels, covering the period from February 15, 2020, to October 15, 2022 (Google, 2020).
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3.2 COVID-19 dynamics

3.2.1 Levels of analysis

A comprehensive understanding of COVID-19 progression requires examining the
pandemic from multiple perspectives. While national-level analysis provides a valuable
overview, detailed insights emerge from examining data in increased granularity, such as
at the municipal level. In this thesis, we explore COVID-19 dynamics across various levels,
presented in the following subsections.

3.2.1.1 National level

Figure 1 shows the national progression of COVID-19 in Brazil, as discussed in
Chapter 1. In summary, Brazil experienced five distinct waves from 2020 to 2022. The high-
est peak in mortality occurred in 2021, while 2022 saw the highest number of cases, although
with a lower CFR. We provide an epidemic simulation at the national level in Chapter 5.

3.2.1.2 Regional level

At the onset of the COVID-19 pandemic in Brazil, the North region experienced
the highest mortality rates, as shown in Figure 5. This trend continued in early 2021, when
a severe health crisis in Manaus, the largest city in that region, led to a sharp increase in
deaths (Barreto et al., 2021; Lalwani et al., 2021). During the second wave, however, the
Southeast, Midwestern, and South regions emerged as the most impacted, while the North
and Northeast regions saw comparatively lower mortality rates since that time.

05/2020
09/2020

01/2021
05/2021

09/2021
01/2022

05/2022
09/2022

01/2023

Month/Year

0

100

200

300

400

De
at

hs
 p

er
 1

00
,0

00
 p

eo
pl

e Midwestern
North
Northeast
South
Southeast

Figure 5 – Cumulative COVID-19 deaths per 100,000 people in Brazilian regions.

Source: Mortality Information System (SIM) (DATASUS, 2022b).

While we did not conduct experiments specifically at the regional level, this level
provided valuable context for analyzing and interpreting the findings presented in this thesis.
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3.2.1.3 Municipal level

Brazil comprises 5,569 municipalities and one Federal District, which we treat as
a municipality in this thesis. We excluded five municipalities founded after 2010 due to
missing data. Additionally, we removed five municipalities that experienced a reduction in
area and population following the establishment of new municipalities. Consequently, this
thesis includes data from 5,560 Brazilian municipalities.

Figure 6 illustrates the temporal and municipal progression of COVID-19 mortality
across Brazil over three years. Initially, high mortality rates were observed in the North
region, coastal Northeast, and Rio de Janeiro state. This map aligns with the trends in
Figure 5, highlighting at the municipal level that the Midwest, Southeast, and South
regions recorded the highest mortality rates in the later stages of the studied period.

The 2022 year, Figure 6d, was the year of the pandemic, in the studied period, when
fewer municipalities had an elevated mortality rate. This year, the Northeast and North
regions were again the least impacted. However, we note a reduction in impact difference
between those regions and the Midwestern, Southeast, and South regions. The cumulative
of the first three COVID-19 years, Figure 6e, resembles the pattern observed in 2021.

In Chapter 4, we conducted a municipal-level study analyzing the correlation
between local factors and COVID-19 mortality throughout the first three pandemic years.

3.2.1.4 Large municipalities level

We selected a sample of large municipalities for a more in-depth analysis at a
municipal level. To conduct successful epidemic simulation at a municipal level, we must
ensure that the epidemiological time series of these locations has a significant frequency
of events. Additionally, a reduced sample is necessarily due to the computational cost of
fitting epidemiological parameters into mathematical models. So this sampling is crucial
for the experiments detailed in Chapters 6 and 7. Consequently, our analysis concentrates
on municipalities with populations exceeding 500,000, representing a sample of the 41
largest municipalities in Brazil. Table 2 lists these selected municipalities.

The average death rate per 100,000 inhabitants in our sample of municipalities on
December 31, 2022, is 413 (± 89). Figure 7 shows the existence of outlier municipalities in
this sample. Cuiabá/MT, Rio de Janeiro/RJ, and Goiânia/GO recorded the highest death
rates at 580, 564, and 558, respectively. Conversely, Feira de Santana/BA, São Luís/MA,
and Florianópolis/SC reported the lowest rates at 189, 234, and 245, respectively. We
highlighted these two outlier groups in our investigations in Chapter 7.

Figure 8 shows the time series of death rates for the 41 largest Brazilian municipali-
ties, illustrating the contrast between municipalities with the highest and lowest death rates.
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Figure 6 – Maps of Brazilian municipalities illustrating COVID-19 death rates per 100,000
inhabitants for: (a) the first half of 2020, (b) the year 2020, (c) the year 2021, (d)
the year 2022, and (e) the cumulative period. Outliers represent municipalities
with a death rate higher than the third quartile plus 1.5 times the interquartile
range for each period. The missing data pertain to 10 Brazilian municipalities
excluded from this thesis. The maps segment the states of the following regions
of Brazil: North (AC: Acre, AM: Amazonas, AP: Amapá, PA: Pará, RO:
Rondônia, RR: Roraima, TO: Tocantins), Northeast (AL: Alagoas, BA: Bahia,
CE: Ceará, MA: Maranhão, PB: Paraíba, PE: Pernambuco, PI: Piauí, RN: Rio
Grande do Norte, SE: Sergipe), Midwest (DF: Federal District, GO: Goiás, MS:
Mato Grosso do Sul, MT: Mato Grosso), Southeast (ES: Espírito Santo, MG:
Minas Gerais, RJ: Rio de Janeiro, SP: São Paulo), and South (PR: Paraná, RS:
Rio Grande do Sul, SC: Santa Catarina).

Source: Mortality Information System (SIM) (DATASUS, 2022b).
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Table 2 – List of the 41 largest Brazilian municipalities with populations over 500,000,
forming the dataset of large municipalities. Source: 2022 Demographic Census
(IBGE, 2022).

Municipality Population Municipality Population
São Paulo/SP 11,451,245 Duque de Caxias/RJ 808,152
Rio de Janeiro/RJ 6,211,423 Nova Iguaçu/RJ 785,882
Brasília/DF 2,817,068 Natal/RN 751,300
Fortaleza/CE 2,428,678 Santo André/SP 748,919
Salvador/BA 2,418,005 Osasco/SP 743,432
Belo Horizonte/MG 2,315,560 Sorocaba/SP 723,574
Manaus/AM 2,063,547 Uberlândia/MG 713,232
Curitiba/PR 1,773,733 Ribeirão Preto/SP 698,259
Recife/PE 1,488,920 São José dos Campos/SP 697,428
Goiânia/GO 1,437,237 Cuiabá/MT 650,912
Porto Alegre/RS 1,332,570 Jaboatão dos Guararapes/PE 643,759
Belém/PA 1,303,389 Contagem/MG 621,865
Guarulhos/SP 1,291,784 Joinville/SC 616,323
Campinas/SP 1,138,309 Feira de Santana/BA 616,279
São Luís/MA 1,037,775 Aracaju/SE 602,757
Maceió/AL 957,916 Londrina/PR 555,937
Campo Grande/MS 897,938 Juiz de Fora/MG 540,756
São Gonçalo/RJ 896,744 Florianópolis/SC 537,213
Teresina/PI 866,300 Aparecida de Goiânia/GO 527,550
João Pessoa/PB 833,932 Serra/ES 520,649
São Bernardo do Campo/SP 810,729

200 300 400 500
Death rate per 100,000 inhabitants

Figure 7 – Boxplot illustrating COVID-19 death rate per 100,000 for the 41 largest
Brazilian municipalities across 2020-2022. The lower and upper bounds
represent the first and third quartiles, respectively. The vertical line within
the box indicates the median, while the whiskers extend to the minimum and
maximum values within 0.7 times the interquartile range. The points represent
the outlier municipalities.

Source: Mortality Information System (SIM) (DATASUS, 2022b).
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Figure 8 – COVID-19 death rate per 100,000 inhabitants in a 7-day rolling average
for the 41 largest Brazilian municipalities. The plot highlights cities with
notable deviations from the average death rate, categorized as top outliers
(Cuiabá/MT, Rio de Janeiro/RJ, and Goiânia/GO) and bottom outliers (Feira
de Santana/BA, São Luís/MA, and Florianópolis/SC).

Source: Mortality Information System (SIM) (DATASUS, 2022b)

3.2.2 Estimated reproduction number

We estimated the effective reproduction number (Rt) using the time series of new
cases from SARS patients (DATASUS, 2022a). This estimation involved the use of the
epyestim library1, a Python toolkit implementing the methodology proposed by Cori et al.
(2013). To apply this method, we initially specified the distribution for the COVID-19
generation time, approximating it by the serial interval reported by Bi et al. (2020) as
∼ Gamma(2.29, 0.36), with an average of 6.36 days. Additionally, we defined the delay
between infection and the onset of symptoms, representing the incubation period, as
∼ Lognormal(1.57, 0.42), with an average time of 5.93 days (Bi et al., 2020).

Other parameters set in epyestim included a window size of 28 days to smooth
the cases time series, a window size of 14 days for the final rolling average, one hundred
bootstrap samples for estimating Rt, and a prior Rt ∼ Gamma(9.90, 9.28).

Fig 9 illustrates the time-varying Rt of COVID-19 in Brazil, showing that Rt

exceeds one in different moments of the study period. The highest Rt values occurred in
the initial pandemic phase. The period from late 2020 to mid-2021, often identified as
the second wave in Brazil, is marked by recurrent Rt peaks, closely spaced and with lower
amplitude than other periods of this pandemic. In contrast, 2022 exhibits three prominent
Rt peaks with substantial amplitude and spaced widely in time.

1 https://github.com/lo-hfk/epyestim

https://github.com/lo-hfk/epyestim
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Figure 9 – Effective reproduction number (Rt) for COVID-19 in Brazil. The dashed hori-
zontal line represents the reference value (Rt = 1) used to monitor epidemics.
The Rt time series alternates between outbreak periods (solid line) and non-
outbreak periods (dotted line). Nine outbreak periods, labeled from #0 to #8,
were identified.

We inferred the basic reproduction number (R0) by considering the Rt peak during
the early pandemic phase. Our analysis estimated R0 for Brazil at 2.52 (95% CI: 2.34
- 2.71). Our estimated R0 aligns with other studies estimating R0 for Brazil, such as
R0 = 3.10 (95% CI: 2.40 – 5.50) reported by de Souza et al. (2020), R0 = 2.13 (95% CI:
0.81 - 3.04) estimated by Arroyo-Marioli et al. (2021), and R0 = 2.78 (95% CI: 1.9 - 3.81)
for a serial interval mean of 4.8 days calculated by Nouvellet et al. (2021). Additionally,
Nouvellet et al. (2021) estimated R0 = 3.81 (95% CI: 2.73 - 4.81) for a serial interval mean
of 6.48 days, which approximates of our estimation.

Figure 10 shows the time-varying behavior of Rt estimated for the 41 largest
Brazilian municipalities. Notably, in the first year, epidemic periods exhibited some lack
of synchronization among municipalities; however, by early 2021 and across 2022, four
synchronized epidemic periods became apparent.

The lack of synchronization in the Rt estimates for the municipal dataset over a
significant portion of the study period (Figure 10), compared to the Rt observed in the
national-level estimates (Figure 9), supports the findings of Birello et al. (2024). Their
study indicates that reproduction number estimates derived from surveillance data may
be unreliable when applied to spatially structured populations, as the interaction between
space and mobility can obscure the actual dynamics of the epidemic. These observations
reinforce the insight that Rt estimates are more informative when calculated for specific
localities rather than for large and heterogeneous regions.
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Figure 10 – Effective reproduction number (Rt) estimated for the 41 largest Brazilian
municipalities. The dotted horizontal line represents the reference value (Rt =
1) used to monitor epidemics. The plot highlights cities with notable deviations
from the average death rate, categorized as top outliers (Cuiabá/MT, Rio de
Janeiro/RJ, and Goiânia/GO) and bottom outliers (Feira de Santana/BA,
São Luís/MA, and Florianópolis/SC).

3.2.3 COVID-19 outbreaks

Successive waves of cases and deaths characterize the dynamic of the COVID-19
pandemic. Usually, we describe that the pandemic begins in Brazil with an initial wave
in 2020, followed by a second wave spanning the end of 2020 through 2021, and by three
distinct waves throughout 2022. However, for enhanced modeling in this thesis, we opt
for a more fine approach by segmenting the epidemic periods based on the emergence of
outbreaks. Here, we define an outbreak as when the disease spreads actively, signifying a
phase when the epidemic is out of control.

To identify these outbreaks, we analyze periods where the Rt remains above one
for a minimum duration of seven consecutive days, allowing for a maximum of seven days
below this threshold during the identified outbreak period.

Consequently, our analysis identified nine COVID-19 outbreaks in Brazil over the
study period, as illustrated in Fig 9. There are two outbreaks during the initial wave, four
during the second wave, and three in 2022. We also identified outbreaks for the 41 largest
Brazilian municipalities when we verified that each municipality experienced approximately
10.6 outbreaks (± 1.5).
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3.2.4 Case Fatality Rate (CFR)

We calculated the Case Fatality Rate (CFR) by dividing the number of deaths
on a given day by the number of COVID-19 reported cases 12 days before, based on the
methodology suggested by Baud et al. (2020). Figure 11a presents the time series of COVID-
19 CFR in Brazil. Notably, in the early days of the pandemic, the SIM (DATASUS, 2022b)
reported more deaths than the number of cases reported by Panel Monitoring (DATASUS,
2020a), indicating significant underreporting of cases during that period. Figure 11b shows
the CFR time series excluding the first 120 days, where the CFR fluctuates between 1%
and 5% during the first and second years. However, the CFR remains consistently below
in 2022, with a median of 0.62%.
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Figure 11 – General Case Fatality Rate (CFR) calculated from cases reported in the Mon-
itoring Panel and deaths reported in the Mortality Information System (SIM).

Source: Monitoring Panel (DATASUS, 2020a) and SIM (DATASUS, 2022b).

We also calculated the CFR for SARS patients, as shown in Figure 12. Unlike the
general CFR, which revealed significant underreporting of cases during the early stages of
the pandemic, the SARS CFR exhibited a lower proportion of deaths reported in the initial
period compared to later stages. Both general and SARS CFR metrics were potentially
influenced by case underreporting, particularly during pandemic peaks. Nevertheless,
despite these reporting challenges, our analysis indicates a gradual decline in COVID-19
lethality throughout the pandemic.
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Figure 12 – Case Fatality Rate (CFR) calculated for Severe Acute Respiratory Syndrome
(SARS) patients.

Source: SARS database (DATASUS, 2022a).
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3.3 Public health measures

The first doses of COVID-19 vaccines began to be administered globally in
December 2020 (Dong et al., 2020). Prior to this, the WHO had recommended non-
pharmacological measures to prevent the spread of the virus, such as hand washing, physical
distancing, suspension of mass gatherings, closure of non-essential workplaces and schools,
reduced public transport, enhanced screening, quarantine, and mask-wearing (WHO,
2020a,c). However, the federal government did not follow the WHO recommendations in
Brazil and failed to coordinate a national response to the pandemic (Lancet, 2020; Azevedo
et al., 2020; Asano et al., 2021). The scientific community heavily criticized President Jair
Bolsonaro and his administration for promoting denialism (Ferrante et al., 2021a; Barberia
and Gómez, 2020; Lasco, 2020; Ricard and Medeiros, 2020; Lotta et al., 2020), opposing
containment measures (Ferrante et al., 2021a; Barberia and Gómez, 2020; Ricard and
Medeiros, 2020), advocating for unproven COVID-19 treatments (Ferrante et al., 2021a;
Barberia and Gómez, 2020; Lasco, 2020; Ricard and Medeiros, 2020; Lotta et al., 2020),
discouraging vaccination (Ferrante et al., 2021a), and downplaying the importance of
wearing masks (Ferrante et al., 2021a; Lasco, 2020).

In response to the COVID-19 pandemic, the Supreme Federal Court (STF) granted
autonomy to states and municipalities to take non-pharmacological measures2 in order to
prevent a collapse of the healthcare system in Brazil. With the federal government neglecting
its responsibilities, local governments implemented various measures, such as school
closures, which were widely adopted (Halpern, 2021; Bartholo et al., 2022). Additionally,
municipalities encouraged using face masks, remote work, and the closure of non-essential
businesses to reduce human mobility in the early pandemic (Petherick et al., 2020).

3.3.1 Reduction in human mobility patterns

Figure 13 illustrates how the COVID-19 pandemic affected the mobility patterns
of the Brazilian population. The first notable change occurred on March 17, 2020, when the
country reported its first COVID-19 death. The first outbreak in 2020 was characterized by
the highest peak in ∆H , even though the death peak occurred during 2021. It is important
to note that although ∆H tends to converge to the baseline, there were periods when
this trend was interrupted. For instance, during the January months in 2021 and 2022,
corresponding to the school vacation period, and in mid-2021, coinciding with the peak of
COVID-19 deaths, ∆H remained high.

2 https://g1.globo.com/politica/noticia/2020/04/15/maioria-do-supremo-vota-a-favor-de-que-estados-
e-municipios-editem-normas-sobre-isolamento.ghtml
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Figure 13 – Stay-at-home index (∆H) reported in Brazil during the COVID-19 pandemic.
The dashed horizontal line shows the baseline (∆H = 0%).

Source: Google COVID-19 Mobility Report (Google, 2020).

We also observed a weekly seasonality in ∆H , with lower values on weekends than
on weekdays. This pattern is consistent with pre-pandemic behavior, where people typically
spent more time at home during weekends. Additionally, the ∆H trends for the 41 largest
Brazilian municipalities closely mirrored the national patterns, as illustrated in Figure 14.
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Figure 14 – Stay-at-home index (∆H) reported in a 7-day rolling average for the 41
largest Brazilian municipalities. The dotted horizontal line highlights the
baseline (∆H = 0%). The plot highlights cities with notable deviations from
the average death rate, categorized as top outliers (Cuiabá/MT, Rio de
Janeiro/RJ, and Goiânia/GO) and bottom outliers (Feira de Santana/BA,
São Luís/MA, and Florianópolis/SC).

Source: Google COVID-19 Mobility Report (Google, 2020).
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3.3.2 COVID-19 vaccination campaign

Figure 15 illustrates the progress of the COVID-19 vaccination campaign in Brazil,
which administrated the first dose on January 17, 2021. The data reveal that only by
October 2021, half of the population received the total dosage required for complete vacci-
nation. By the end of 2022, 86% of Brazilians were fully vaccinated, reflecting a significant
public interest in immunization. Furthermore, the metric indicating vaccine doses per 100
people exceeding 200 underscores the extensive interest by the population in booster doses.
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Figure 15 – Cumulative time series of COVID-19 vaccination in Brazil, showing the per-
centage of vaccinated individuals, percentage of fully vaccinated individuals,
and doses administered per 100 inhabitants.

Source: Brazilian Health Ministry (Brasil, 2022).

Table 3 reveals that some municipalities reported vaccination rates exceeding
100%, indicating potential data inconsistencies. The database provided by the Brazilian
Health Ministry (Brasil, 2022) includes patient identification and the municipality of
residence; inaccuracies in either of these attributes could result in overreporting. Therefore,
we advise caution when interpreting the vaccination data.

Table 3 – Descriptive statistics of COVID-19 vaccination metrics for 5,560 Brazilian
municipalities during 2021-2022, highlighting the percentages of vaccinated
individuals, fully vaccinated individuals, and doses administered per 100 people.
Source: Brazilian Health Ministry (Brasil, 2022).

Mean SD Min Q1 Median Q3 Max
% people vaccinated 93 14 29 86 94 101 272
% people fully vaccinated 85 15 21 77 86 95 185
Doses per 100 people 252 52 55 221 254 285 576

SD: Standard deviation. Min: Minimum. Q1: First quartile. Q3: Third quartile. Max: Maximum.
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Figure 16 illustrates that municipalities in the North region reported lower vac-
cination coverage than those in other regions of Brazil. However, due to uncertainties
surrounding the data provided by the Brazilian Health Ministry (Brasil, 2022), we again
advise caution in drawing definitive conclusions from this observation.

Figure 16 – Maps of COVID-19 vaccination coverage in Brazilian municipalities (2021-
2022): Panels show key vaccination metrics across Brazilian municipalities:
(a) percentage of population vaccinated, (b) percentage fully vaccinated, and
(c) doses administered per 100 people. Outliers in panels (a) and (b) denote
municipalities with vaccination rates exceeding 100%, while outliers in panel
(c) reflect municipalities with doses above the third quartile plus 1.5 times the
interquartile range. The missing data pertain to 10 Brazilian municipalities
excluded from this thesis. The maps segment the states of the Brazil: AC:
Acre, AL: Alagoas, AM: Amazonas, AP: Amapá, BA: Bahia, CE: Ceará, DF:
Federal District, ES: Espírito Santo, GO: Goiás, MA: Maranhão, MG: Minas
Gerais, MS: Mato Grosso do Sul, MT: Mato Grosso, PA: Pará, PB: Paraíba,
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, SE: Sergipe, SP: São Paulo, TO: Tocantins.

Source: Brazilian Health Ministry (Brasil, 2022).

Additionally, Figure 17 shows the vaccination in the largest Brazilian cities. These
locations achieved 50% full vaccination coverage between September and November 2021,
mirroring the national trends shown in Figure 15. There is no evident distinction in vacci-
nation efforts between municipalities classified as bottom outliers and those as top outliers.
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Figure 17 – Cumulative time series showing the percentage of people fully vaccinated
against COVID-19 across the 41 largest Brazilian municipalities. The plot
highlights cities with notable deviations from the average death rate, catego-
rized as top outliers (Cuiabá/MT, Rio de Janeiro/RJ, and Goiânia/GO) and
bottom outliers (Feira de Santana/BA, São Luís/MA, and Florianópolis/SC).

Source: Brazilian Health Ministry (Brasil, 2022).

3.3.3 Economic support and health infrastructure expansion

The Auxílio Emergencial socioeconomic program was crucial in promoting social
isolation and mitigating the spread of the coronavirus throughout 2020 (Albani et al.,
2022; de Leon et al., 2023). This program reached approximately 22% of the Brazilian
population, paying a monthly mean of USD 154.86 from April to August 2020, continuing
with reduced amounts after that period (Albani et al., 2022). In parallel, Brazil also
responded to the COVID-19 challenge by progressively increasing the number of Intensive
Care Unit (ICU) beds dedicated to COVID-19 patients during the pandemic, as depicted
in Figure 18 (DATASUS, 2020b). Although it does not directly impact disease transmission
dynamics, this measure is a significant intervention that can potentially alleviate the IFR.
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Figure 18 – Time series of COVID-19 Intensive Care Unit (ICU) beds for adults in Brazil.

Source: Brazilian Health Ministry (DATASUS, 2020b).
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3.4 Prevalence of coronavirus variants

The prevalence of coronavirus variants is a relevant topic for understanding
COVID-19 in Brazil. Figure 19 shows that the emergence of the Gamma variant coincides
with the second wave of the virus in the country. This variant was initially identified in
the Brazilian state of Amazonas and has been associated with increased transmissibility,
higher mortality, and immune evasion, resulting in reinfections and potentially reduced
efficacy of vaccines and neutralizing antibodies (Zimerman et al., 2022).
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Figure 19 – Monthly relative frequency (%) of the coronavirus variants over time in Brazil.

Source: Fiocruz (2020)

During the middle of the second COVID-19 wave in Brazil, the Delta variant
became the dominant variant. Like the Gamma variant, the Delta variant exhibits increased
transmissibility, mortality, and immune evasion (Tian et al., 2021). Subsequently, coinciding
with the onset of the third wave, the Omicron (BA.1) variant swiftly became the prevailing
strain. Throughout 2022, other Omicron subvariants, including BA.2, BA.4, and BA.5,
have emerged as the most dominant strains in the country. The Omicron variant has many
mutations compared to its predecessors, which exhibit elevated transmissibility and the
ability to evade the immune response (Rana et al., 2022; Nyberg et al., 2022). However,
works indicate Omicron with lower severity regarding disease outcomes (Beppu et al., 2024;
Rana et al., 2022; Nyberg et al., 2022; Ward et al., 2022; Lorenzo-Redondo et al., 2022).



57

4 MULTIPLE REGRESSION ANALYSIS OF KEY FACTORS IN COVID-19
MORTALITY

Brazil exhibits significant socioeconomic inequality among its regions (Salata,
2020; Mourao and Junqueira, 2021; Cavalini and de Leon, 2008). The coronavirus pandemic
raised concerns about its impact on areas with pronounced poverty, particularly the North
and Northeast regions. Studies investigating sociodemographic factors and COVID-19
outcomes in Brazil have addressed these concerns in the first pandemic year (Rocha et al.,
2021; Castro-Alves et al., 2022; Bermudi et al., 2021; Martines et al., 2021; Demenech
et al., 2020; Figueiredo et al., 2020; Raymundo et al., 2021).

Misinformation was another issue of concern during the pandemic. Influential
figures on the Internet and political leaders promoting fake news and conspiracy theo-
ries can damage public adherence to health authority guidelines (Loomba et al., 2021;
Bridgman et al., 2020). In Brazil, for instance, former President Jair Bolsonaro displayed
controversial conduct in pandemic management, as discussed in Section 3.3. This behavior
stimulated studies investigating the correlation between political preferences in Brazilian
municipalities and COVID-19 outcomes (Lima et al., 2024a; Xavier et al., 2022b; Hasten-
reiter Filho and Cavalcante, 2022). Additionally, misinformation can contribute to vaccine
hesitancy, affecting a public health strategy for combating infectious disease outbreaks
(Loomba et al., 2021; Wilson and Wiysonge, 2020).

We advocate for a deep analysis to investigate these concern factors in an extended
analysis period. Our motivation is because the most affected regions changed over time, as
presented in Figures 5 and 6. Furthermore, given that Brazil is a large country, encompassing
5,569 municipalities and one Federal District, it is essential to conduct rigorous analyses
at the municipal level using comprehensive sociodemographic datasets that capture the
characteristics of these locations.



Chapter 4. MULTIPLE REGRESSION ANALYSIS OF KEY FACTORS IN COVID-19 MORTALITY58

In this chapter, we formulated four research questions to guide our analysis:

1. What profiles of Brazilian municipalities correlate most strongly with COVID-19
mortality?

2. What sociodemographic factors are associated with COVID-19 mortality across
Brazilian municipalities?

3. Is the political preference manifested by the municipal populations correlated with
COVID-19 mortality?

4. Did municipalities with higher COVID-19 vaccination coverage experience lower
mortality rates?

To address these research questions, we conducted an ecological study examining
the association between covariates and COVID-19 mortality across Brazilian municipalities
during the first three years of the pandemic (2020–2022). Our regression analysis controls
for municipality groups, sociodemographic variables, political preferences, vaccination
coverage, and temporal exposure to the virus. We emphasize temporal dynamics and
their influence on the relationships between these variables and the observed outcomes
throughout the study period.

We initially selected 31 sociodemographic variables to characterize Brazilian mu-
nicipalities. We applied a Gaussian Mixture Model (GMM) (Dempster et al., 1977) to
identify sociodemographic clusters. We then employed negative binomial regression models
to estimate the correlations between key factors and COVID-19 mortality across these
municipalities. Section 4.1 details our methodology. We present the results and discussion
in Sections 4.2 and 4.3, respectively.

4.1 Methodology

4.1.1 Study design

In this study, we employed a data mining process encompassing the steps: database
collection, attribute pre-processing, attribute selection, execution of a clustering algorithm,
and evaluation of the resulting clusters. From an epidemiological view, the research adopts
an ecological study design, using Brazilian municipalities as the primary unit of analysis,
following a multiple-group approach with an analytic dimension (Morgenstern, 1995).
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4.1.2 Data

The outcome variable for this study is the number of COVID-19 deaths per
municipality in Brazil, sourced from the Mortality Information System (SIM) database
(DATASUS, 2022b), as detailed in Sections 3.1.1 and 3.2.1.3. The analysis covers the
period from March 12, 2020, to December 31, 2022.

On the side of explanatory variables, we collected data on municipalities from
various public sources to describe their social, economic, and demographic characteristics.
We obtained data from the 2022 Demographic Census provided by IBGE (2022). Since
the 2022 Demographic Census data had not yet been fully published, we also utilized data
from the 2010 Demographic Census (IBGE, 2010). Additionally, we gathered demographic
and economic data from Atlas Brasil, an online platform offering databases with indicators
derived from the 2010 Census (PNUD et al., 2013) and administrative records from
public bodies (PNUD et al., 2017). In total, we analyzed 31 sociodemographic attributes,
illustrated across Brazilian municipalities in Figure 20.

We also regarded the vaccination coverage for each municipality, expressed by the
percentage of individuals who are fully vaccinated against COVID-19 (Brasil, 2022), as
discussed in Sections 3.1.2 and 3.3.2.

Additionally, we collected electoral data to characterize the political preferences in
the Brazilian municipalities. Specifically, we computed the percentage of votes received by
Jair Bolsonaro in the first round of the 2022 Brazilian Presidential Election (TSE, 2022).
This measure enables us to explore potential correlations between political affiliation and
COVID-19 mortality, particularly given the controversial public health policies advocated
by former President Jair Bolsonaro during the pandemic, as discussed in Section 3.3. This
approach is consistent with similar studies that have investigated the correlation between
COVID-19 impacts and political preferences (Hastenreiter Filho and Cavalcante, 2022;
Xavier et al., 2022b; Ajzenman et al., 2023; Lima et al., 2024a). Figure 21 represents this
attribute across Brazilian municipalities.

Appendix A recaps the statistical characteristics of the data used in this chapter.

4.1.3 Clustering municipalities by sociodemographic variables

We conducted a clustering analysis using the 31 sociodemographic variables listed
in Table 14 (Appendix A). First, we standardized the data to ensure that each variable
contributed equally to our analysis. Then, we applied Principal Component Analysis (PCA)
(Jolliffe and Cadima, 2016) to reduce the dataset to its first two principal components,
enhancing both the outcomes and performance of the clustering algorithm. These two
principal components accounted for 50% of the original data variance.
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Figure 20 – Colormaps illustrating the 31 sociodemographic attributes of Brazilian mu-
nicipalities analyzed in this thesis. The missing data pertain to 10 Brazilian
municipalities excluded from this study.
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Figure 21 – Map of Brazilian municipalities highlighting the percentage of votes for Jair
Bolsonaro in the first round of the 2022 Brazilian Presidential Election. The
missing data pertain to 10 Brazilian municipalities excluded from this study.
The maps segment the states of the Brazilian regions: North (AC: Acre,
AM: Amazonas, AP: Amapá, PA: Pará, RO: Rondônia, RR: Roraima, TO:
Tocantins), Northeast (AL: Alagoas, BA: Bahia, CE: Ceará, MA: Maranhão,
PB: Paraíba, PE: Pernambuco, PI: Piauí, RN: Rio Grande do Norte, SE:
Sergipe), Midwest (DF: Federal District, GO: Goiás, MS: Mato Grosso do Sul,
MT: Mato Grosso), Southeast (ES: Espírito Santo, MG: Minas Gerais, RJ:
Rio de Janeiro, SP: São Paulo), and South (PR: Paraná, RS: Rio Grande do
Sul, SC: Santa Catarina).

Source: TSE (2022).

This work used the GMM clustering algorithm (Dempster et al., 1977) to perform
clustering models with 2 to 7 clusters. For each model with k clusters, we performed it
100 times using spherical covariance, meaning that each cluster has its own single variance.
We performed all clustering with the Python 3 library sklearn version 1.5.

For each k-clustering, we selected the one model that maximized the log-likelihood
(Zaki and Meira Jr, 2020), as defined by:

ln(P (D|µ,Σ, P (C))) =
n∑

j=1

ln

(
k∑

i=1

N (xj|µi,Σi)P (Ci)

)
, (4.1)

where D represents our dataset, consisting of n points xj in a 2-dimensional space R2,
corresponding to the first two principal components. Let Xa denote the random variable
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associated with the a-th principal component. Let X = (X1, X2) represent the vector
random variable across the two principal components, with xj being a sample from X.
Furthermore, k denotes the number of clusters Ci, µi is the mean of cluster Ci, Σi is the
covariance of cluster Ci, P (Ci) is the probability of cluster Ci, and N denotes the normal
probability density at xj attributable to cluster Ci.

This algorithm provides a soft assignment of each dataset point xj to each cluster
Ci, indicating the probability that each xj belongs to each Ci (Zaki and Meira Jr, 2020).
Additionally, we conducted a hard assignment analysis, which involved linking each xj to
a single cluster Ci based on max(P (Ci|xj)).

4.1.3.1 Sociodemographic clusters

In this study, we selected a model with five sociodemographic clusters for the statis-
tical analysis. We labeled these clusters as Urbanized, Urbanized with Informal Settlements,
Semi-urbanized, Rural with High Human Development, and Rural with Low Human Devel-
opment. Figure 22 depicts these sociodemographic clusters across the Brazilian territory.

Figure 22 – Map of Brazilian municipalities highlighting sociodemographic clusters by
colors. The missing data pertain to 10 Brazilian municipalities excluded from
this study. States and Federal District of Brazil by regions: North (AC: Acre,
AM: Amazonas, AP: Amapá, PA: Pará, RO: Rondônia, RR: Roraima, and TO:
Tocantins), Northeast (AL: Alagoas, BA: Bahia, CE: Ceará, MA: Maranhão,
PB: Paraíba, PE: Pernambuco, PI: Piauí, RN: Rio Grande do Norte, and SE:
Sergipe), Midwestern (DF: Federal District, GO: Goiás, MS: Mato Grosso
do Sul, and MT: Mato Grosso), Southeast (ES: Espírito Santo, MG: Minas
Gerais, RJ: Rio de Janeiro, and SP: São Paulo), and South (PR: Paraná, RS:
Rio Grande do Sul, and SC: Santa Catarina).
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The Urbanized cluster comprises 1,994 municipalities concentrated in Southeast,
South, and Midwestern Brazilian regions. This cluster shows a high proportion of the
population living in urban areas with high per capita income. Another 261 municipalities
fall into the Urbanized with Informal Settlements cluster, similar to the Urbanized cluster
but with a significant population living in informal settlements. These municipalities are
generally located in metropolitan areas and are dispersed throughout the country.

The Semi-urbanized cluster is the largest in our analysis, encompassing 2,136
municipalities characterized by a mix of urban and rural areas. This cluster shows a notable
reduction in human development indicators compared to the urbanized clusters. Most
municipalities in the Northeast region, along with those in the North of Minas Gerais and
parts of the Midwestern and North regions, fall into this cluster.

The Rural with Low Human Development cluster includes 312 municipalities that
experience the highest socioeconomic deprivation in the country, characterized by very low
income, reduced life expectancy, and poor educational indicators. These municipalities
are predominantly located in the North region. In contrast, the Rural with High Human
Development cluster comprises 857 municipalities, primarily situated in the South region,
with indicators reflecting a good quality of life. A distinguishing feature of the Rural with
High Human Development cluster is the high proportion of the elderly population; 22%
of the population in this cluster is aged 60 years or older, which is more than twice the
proportion in the Rural with Low Human Development cluster.

We provide a detailed view of the clustering selection process and descriptive
cluster statistics in the Appendix B.

4.1.4 Statistical analysis

Before we define the regression models, we identified collinearity among the
sociodemographic variables, which are listed in Table 14 (Appendix A). So, we took feature
selection to mitigate confounding effects. Resulting in the selection of a subset with 15
variables: (i) the percentage of the population aged 60 years or more, (ii) the percentage
of the urban population, (iii) the population density, (iv) the percentage of the male
population, (v) the percentage of the Indigenous population, (vi) the Gini coefficient, (vii)
the percentage of informal settlement households, (viii) the population density in informal
settlements, (ix) the percentage of sanitation-related hospitalizations, (x) the percentage
of self-employed workers, (xi) the unemployment rate, (xii) the percentage of commerce
workers, (xiii) the percentage of service workers, (xiv) the percentage of industry workers,
and (xv) the expected years of schooling at age 18. The maximum values of VIF and
Pearson correlation observed for all selected variables are 3.4 and 0.64, respectively.
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We assessed the association between the explanatory variables and COVID-19
mortality in Brazilian municipalities across five distinct periods: (i) the first half of 2020,
(ii) the year 2020, (iii) the year 2021, (iv) the year 2022, and (v) the cumulative period
from 2020 to 2022. We employed negative binomial regression models to account for the
overdispersion in the outcomes, as the Poisson regression model is inadequate for such
cases (Dunn et al., 2018).

We employed two models in our analysis. The first model, referred to as Model 1,
incorporates dummy variables representing four of our five sociodemographic clusters. We
defined the Urbanized cluster as the reference group. To account for additional factors, the
model includes the 15 selected sociodemographic variables, the cumulative percentage of
the population fully vaccinated at a specified period, and the percentage of votes cast for
Jair Bolsonaro in the 2022 Presidential Election. The model is expressed as follows:

ln(µt) = a0,t +
4∑

k=1

ak,tCk +
15∑
j=1

a4+j,tx4+j + a20,tvt + a21,tb+ ln(P ), (4.2)

where µt denotes the estimated number of COVID-19 deaths during period t, a represents
the vector of model coefficients estimated for t, Ck refers to the sociodemographic clusters,
x represents the sociodemographic variables, v is the percentage of the population fully
vaccinated at t, b is the percentage of votes for Bolsonaro, and ln(P ) serves as the offset
to adjust for population size variation.

The second model, referred to as Model 2, extends Model 1 by introducing a
temporal exposure term, ∆t, as an additional offset. This term represents the days from
the first recorded COVID-19 death in a municipality to the last day of period t. The
inclusion of ∆t aims to account for the temporal influence of the outbreak onset on µt

during each period t. The model is formulated as follows:

ln(µt) = a0,t +
4∑

k=1

ak,tCk +
15∑
j=1

a4+j,tx4+j + a20,tvt + a21,tb+ ln(P ) + ln(∆t). (4.3)

We standardized all explanatory variables to enable direct comparison of their
coefficients, providing insight into their relative importance within the model. We analyzed
the results using exponentiated coefficients, i.e., Rate Ratio (RR), with 95% CI. We
systematically tuned the negative binomial distribution dispersion by fitting models across
a range of the dispersion parameter α values and selecting the one that maximizes the
log-likelihood function. We also evaluated model fit using deviance, χ2, R2

CS, R2
McF , log-

likelihood, AIC and BIC.
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Additionally, we evaluated the potential gain of Model 2 relative to Model 1. This
comparison involved assessing the relative improvement of the null Model 2 over null
Model 1 and examining the relative gain of the fitted Model 2 compared to null Model 1.
To quantify this gain, we used the following metric:

G(ext, base) =
LLext − LLbase

|LLbase|
, (4.4)

where base represents a baseline model, and ext represents an extended model, and LL
corresponds to the log-likelihood of a model.

We performed two sensitivity analyses on Model 2 to evaluate its stability and ro-
bustness. First, we generated 30 bootstrap resamplings for each period to assess the variabil-
ity of the model parameters. Additionally, we examined model robustness by re-estimating
it after excluding outliers and influential points to determine their impact on the results.

All analyses were performed using the Python 3 library statsmodels version 0.14.

4.2 Results

Table 4 presents the goodness-of-fit statistics for Models 1 and 2, evaluating their
performance in predicting COVID-19 mortality across Brazilian municipalities during five
analysis periods. Across all periods, Model 2, which introduces an additional temporal
exposure offset, consistently outperforms Model 1.

Table 4 – Goodness-of-fit statistics for the regression models across five analysis periods.

Statistic 2020 (first half) 2020 2021 2022 2020-2022
M1 M2 M1 M2 M1 M2 M1 M2 M1 M2

LLnull -11,271 -8,813 -17,079 -15,795 -22,418 -21,911 -13,642 -12,599 -23,744 -23,614
LLmodel -10,213 -8,457 -16,423 -15,534 -19,829 -19,443 -12,378 -11,162 -21,455 -21,179
AIC 20,468 16,956 32,888 31,109 39,702 38,930 24,799 22,368 42,953 42,402
BIC 20,607 17,095 33,027 31,248 39,848 39,076 24,945 22,514 43,099 42,548

Analysis periods: (i) the first half of 2020, (ii) the year 2020, (iii) the year 2021, (iv) the year 2022,
and (v) the cumulative period (2020-2022).
M1: Model 1, the baseline model for the analysis.
M2: Model 2, an extension of M1 that incorporates an offset to account for temporal exposure.
LLnull: Log-likelihood of the null model (model with only an intercept and offsets).
LLmodel: Log-likelihood of the fitted model.
AIC: Akaike Information Criterion.
BIC: Bayesian Information Criterion.
Bold: The best statistic per analysis period.
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Table 5 provides the relative gains achieved by Model 2 compared to the baseline,
null Model 1. The results reveal that temporal exposure contributes to the model perfor-
mance, particularly during the first year of the pandemic. In 2022, this offset accounted for
nearly half of the observed gains. However, its impact reduced in 2021 and over the cumula-
tive period, suggesting that other factors played a more prominent role during these times.

Table 5 – Relative gain of Model 2 compared to the baseline.

Statistic 2020 (first half) 2020 2021 2022 2020-2022
G(Null Model 2,Null Model 1) 0.22 0.08 0.02 0.08 0.01
G(Fitted Model 2,Null Model 1) 0.25 0.09 0.13 0.18 0.11

Analysis periods: (i) the first half of 2020, (ii) the year 2020, (iii) the year 2021, (iv) the year 2022,
and (v) the cumulative period (2020-2022).
G(Null Model 2,Null Model 1): Relative gain of null Model 2 over null Model 1.
G(Fitted Model 2,Null Model 1): Relative gain of fitted Model 2 over null Model 1.

These results underscore the improved predictive capability of Model 2, so we focus
our analysis on the factors correlated with COVID-19 deaths using the Model 2. For a de-
tailed analysis of coefficient estimates and additional model statistics, refer to Appendix C.

4.2.1 Associations between sociodemographic clusters and mortality

Table 6 shows the observed COVID-19 death rates in Brazilian municipalities,
grouped by sociodemographic clusters, across five different analysis periods. Initially, the
clusters Urbanized with Informal Settlements and Rural with Low Human Development were
the most impacted by the pandemic. By the end of 2020, the cluster Urbanized with Informal
Settlements had the highest mortality rate for the year, while the initially high mortality
rate in the Rural with Low Human Development cluster was matched by other clusters.

Table 6 – Mean COVID-19 death rates per 100,000 inhabitants (95% Confidence Intervals)
for Brazilian municipalities, grouped by sociodemographic clusters, across five
analysis periods.

Cluster 2020 (first half) 2020 2021 2022 2020-2022

Urbanized 9.24
(8.56, 9.92)

68.86
(66.9, 70.83)

243.29
(239.23, 247.35)

41.82
(40.58, 43.07)

353.97
(348.7, 359.25)

Urbanized with
informal settlements

47.19
(42.74, 51.64)

115.8
(110.31, 121.3)

192.68
(184.22, 201.14)

27.89
(26.19, 29.6)

336.37
(323.17, 349.58)

Semi-urbanized 17.88
(16.83, 18.93)

63.41
(61.57, 65.26)

123.63
(120.71, 126.54)

22.93
(22.13, 23.74)

209.97
(206.09, 213.85)

Rural with high
human development

4.58
(3.72, 5.43)

52.26
(48.76, 55.77)

193.64
(186.67, 200.62)

37.97
(35.51, 40.43)

283.88
(275.03, 292.72)

Rural with low
human development

30.19
(27.0, 33.39)

64.4
(59.79, 69.01)

83.94
(78.38, 89.51)

11.35
(10.2, 12.5)

159.69
(150.64, 168.75)

Analysis periods: (i) the first half of 2020, (ii) the year 2020, (iii) the year 2021, (iv) the year 2022,
and (v) the cumulative period (2020-2022).
Bold: The highest COVID-19 death rate per cluster and year.
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From 2021 onward, the most impacted clusters changed. The clusters Urbanized, Ur-
banized with Informal Settlements, and Rural with High Human Development had the high-
est death rates, whereas Semi-urbanized and Rural with Low Human Development had the
lowest. Notably, the Rural with Low Human Development cluster had the lowest death rates
over the cumulated period, despite initially presenting an elevated COVID-19 mortality.

The regression analysis provides deeper insights into the associations between
sociodemographic clusters and COVID-19 mortality by controlling for correlated factors
and temporal exposure. Table 7 displays the RR estimates obtained from Model 2. The
Urbanized cluster showed the lowest RR at the pandemic onset. However, from 2021 onward,
the Urbanized cluster exhibited the highest RR. By 2022, significant correlations were
less apparent, with the only notable finding for the Rural with Low Human Development
cluster, which had 13% fewer deaths than the reference cluster (Urbanized).

Table 7 – Estimated Rate Ratio (RR) (95% Confidence Intervals (CI)) of COVID-19
mortality for different clusters across five periods based on Model 2.

Cluster 2020 (first half) 2020 2021 2022 2020-2022
Urbanized 1 (Reference) 1 (Reference) 1 (Reference) 1 (Reference) 1 (Reference)
Urbanized with
informal settlements

1.34
(1.17, 1.54)

1.15
(1.06, 1.25)

0.87
(0.82, 0.92)

1.02
(0.95, 1.08)

0.92
(0.87, 0.97)

Semi-urbanized 1.88
(1.66, 2.12)

1.31
(1.24, 1.39)

0.86
(0.83, 0.90)

0.98
(0.92, 1.04)

0.95
(0.92, 0.99)

Rural with high
human development

1.66
(1.35, 2.05)

1.30
(1.20, 1.40)

0.96
(0.91, 1.00)

1.02
(0.94, 1.10)

1.01
(0.96, 1.05)

Rural with low
human development

1.85
(1.52, 2.25)

1.28
(1.16, 1.42)

0.75
(0.70, 0.81)

0.87
(0.78, 0.98)

0.87
(0.82, 0.93)

Analysis periods: (i) the first half of 2020, (ii) the year 2020, (iii) the year 2021, (iv) the year 2022,
and (v) the cumulative period (2020-2022).
Bold: Statistical significance within the 95% CI.

When comparing the observed death rates in Table 6 with the estimated RRs
in Table 7, we observe how Model 2 adjusts for significant factors, offering a nuanced
perspective on the relationship between sociodemographic clusters and COVID-19 mortality.
For instance, although the Rural with High Human Development cluster reported a lower
death rate than the Urbanized cluster in the first year of the pandemic, the model estimates
that the Rural with High Human Development cluster experienced 30% more deaths after
adjusting for covariates. Similarly, the model significantly reduced the association for the
Urbanized with Informal Settlements cluster, which initially showed the highest death rate.

These findings underscore the complexities of analyzing sociodemographic cor-
relations during the early pandemic phases. For the cumulative period, the observed
death rates indicate that the Urbanized with Informal Settlements, Semi-urbanized, and
Rural with Low Human Development clusters reported respectively 5%, 41%, and 55%
fewer deaths compared to the Urbanized cluster after adjusting for covariates. In contrast,
Model 2 estimates these reductions to be 8%, 5%, and 13%, respectively, highlighting the
magnitude of the adjustments introduced by the model.
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4.2.2 Associations between sociodemographic, vaccination, and political vari-
ables and COVID-19 mortality

Table 8 presents the RR estimated by Model 2, which assesses the associations
between sociodemographic, vaccination, and political variables and COVID-19 mortality
across five analysis periods. None variable presented a significant correlation for all periods.
However, we highlight that the variables percentage of the population aged 60 years or
more, percentage of the urban population, percentage of the Indigenous population, expected
years of schooling at age 18, and percentage of votes for Bolsonaro reported significant
correlation for four of the five periods analyzed.

Table 8 – Rate Ratios (RR) (95% Confidence Intervals (CI)) of COVID-19 deaths by
sociodemographic, vaccination, and political variables across five analysis periods,
as estimated by Model 2.

Variable 2020 (first half) 2020 2021 2022 2020-2022
% population 60+ years 0.99 (0.94, 1.04) 1.11 (1.08, 1.13) 1.07 (1.05, 1.09) 1.32 (1.29, 1.35) 1.08 (1.07, 1.10)
% urban population 1.03 (0.97, 1.10) 1.08 (1.05, 1.12) 1.12 (1.09, 1.14) 1.08 (1.05, 1.12) 1.12 (1.10, 1.14)
Population density (inhabitants/km²) 1.03 (1.01, 1.05) 1.00 (0.99, 1.02) 1.00 (0.99, 1.01) 0.99 (0.98, 1.00) 1.00 (0.99, 1.01)
% male population 1.05 (1.01, 1.09) 1.00 (0.98, 1.02) 1.03 (1.02, 1.04) 1.05 (1.03, 1.07) 1.01 (1.00, 1.02)
% Indigenous population 1.04 (1.02, 1.07) 1.04 (1.03, 1.06) 1.02 (1.01, 1.04) 1.02 (1.00, 1.04) 1.03 (1.02, 1.04)
Gini coefficient 0.94 (0.90, 0.98) 0.96 (0.94, 0.98) 1.01 (0.99, 1.02) 0.99 (0.97, 1.01) 1.00 (0.99, 1.02)
% informal settlement households 1.08 (1.06, 1.10) 1.04 (1.02, 1.05) 1.00 (0.99, 1.01) 0.99 (0.97, 1.00) 1.01 (1.00, 1.02)
Population density in informal settlement
(inhabitants/ha) 0.99 (0.97, 1.02) 1.00 (0.98, 1.01) 1.01 (1.00, 1.02) 1.00 (0.99, 1.01) 1.01 (1.00, 1.02)

% sanitation-related hospitalizations 1.01 (0.97, 1.04) 0.98 (0.97, 1.00) 1.00 (0.99, 1.02) 0.98 (0.96, 1.00) 0.99 (0.98, 1.00)
% self-employed workers 1.06 (1.01, 1.11) 1.03 (1.01, 1.06) 0.98 (0.97, 1.00) 0.94 (0.91, 0.96) 1.00 (0.98, 1.01)
Unemployment rate 1.22 (1.18, 1.27) 1.04 (1.02, 1.06) 0.98 (0.96, 0.99) 0.99 (0.97, 1.01) 1.00 (0.99, 1.01)
% commerce workers 0.91 (0.87, 0.95) 0.96 (0.94, 0.98) 0.99 (0.97, 1.00) 0.95 (0.93, 0.98) 1.01 (0.99, 1.02)
% service workers 0.96 (0.91, 1.01) 1.06 (1.04, 1.09) 1.03 (1.02, 1.05) 1.00 (0.97, 1.02) 1.03 (1.01, 1.05)
% industry workers 0.97 (0.92, 1.01) 1.02 (1.00, 1.05) 0.99 (0.97, 1.00) 0.96 (0.94, 0.98) 1.00 (0.99, 1.01)
Expected years of schooling at age 18 1.06 (1.02, 1.11) 1.00 (0.98, 1.02) 1.06 (1.04, 1.07) 1.04 (1.02, 1.06) 1.03 (1.02, 1.04)
% people fully vaccinated 1.00 (1.00, 1.00) 1.00 (1.00, 1.00) 1.08 (1.07, 1.10) 1.07 (1.05, 1.09) 1.07 (1.06, 1.08)
% votes for Bolsonaro 1.03 (0.98, 1.08) 1.08 (1.05, 1.10) 1.16 (1.14, 1.18) 1.13 (1.10, 1.16) 1.15 (1.14, 1.17)

Analysis periods: (i) the first half of 2020, (ii) the year 2020, (iii) the year 2021, (iv) the year 2022,
and (v) the cumulative period (2020-2022).
Note: The variables were standardized.
Bold: Statistical significance within the 95% CI.

The percentage of votes for Bolsonaro exhibited the strongest association, with
an RR of 1.15 (95% CI: 1.14–1.17) during the cumulative period (2020–2022). Among
the sociodemographic covariates, the percentage of the urban population and percentage
of the population aged 60 years or more presented the highest correlations for the cumu-
lative period, with RR values of 1.12 (95% CI: 1.10–1.14) and 1.08 (95% CI: 1.07–1.10),
respectively. Notably, the percentage of people fully vaccinated showed a significant positive
correlation in the cumulative analysis (RR = 1.07, 95% CI: 1.06–1.08).

In the early pandemic, the first half of 2020, the unemployment rate showed the
strongest association (RR = 1.22, 95% CI: 1.18–1.27). However, its influence reduced later
in 2020 (RR = 1.04, 95% CI: 1.02–1.06) and became negatively correlated in 2021 (RR =
0.98, 95% CI: 0.96–0.99). Similarly, some variables like the percentage of the male population,
population density, and expected years of schooling at age 18 were positively correlated
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in early 2020 but lost significance by the year-end. We also highlight that the percentage
of commerce workers and the Gini coefficient presented negative correlations in 2020.

In 2021, variables that consistently correlated with COVID-19 mortality included
the percentage of votes for Bolsonaro, the percentage of the urban population, the percentage
of the population aged 60 years or more, and the percentage of people fully vaccinated. This
pattern aligns closely with those observed for the cumulative period.

By 2022, the percentage of the population aged 60 years or more emerged as the
most significant factor, with the highest RR in this study (RR = 1.32, 95% CI: 1.29–1.35).
The percentage of votes for Bolsonaro and the percentage of the urban population continued
to show strong positive associations.

Conversely, some variables lacked consistent significance. For instance, the popula-
tion density in informal settlements and the percentage of sanitation-related hospitalizations
showed no significant correlations across periods. Others, such as the percentage of self-
employed workers, demonstrated period-specific effects, with positive correlations in 2020
and negative correlations in 2022. The percentage of informal settlement households pre-
sented a significant correlation only in 2020. On the other hand, the percentage of industry
workers showed a significant negative correlation only in 2022.

4.2.3 Sensitivity analysis

The sensitivity analysis, detailed in Appendix D, supports the robustness of our
findings. The analysis of outliers and influential points revealed that their removal enhanced
the goodness-of-fit statistics of the Model 2. However, this adjustment did not significantly
alter the estimated coefficients.

4.3 Discussion

To answer our first research question (“What profiles of Brazilian municipalities
correlate most strongly with COVID-19 mortality? ”), we employed a GMM clustering in
which we identified five distinct sociodemographic clusters: Urbanized, Urbanized with
Informal Settlements, Semi-urbanized, Rural with High Human Development, and Rural with
Low Human Development. These clusters describe the profiles of the Brazilian municipalities
and denote socioeconomic and regional disparities nationwide.

Given this, our findings show that, initially, the Semi-urbanized and Rural with Low
Human Development clusters exhibited the highest positive correlations with COVID-19
mortality, highlighting the differentiated impacts of the disease in the North and Northeast
regions in early pandemic. However, since 2021, a notable shift occurred: the Urbanized
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cluster become significantly more correlated with the mortality than others, surpassing
the cumulative mortality rates and RRs of all other clusters. These findings align with the
mortality colormap in Figure 6e and the regional dispersion of clusters in Figure 22.

Temporal exposure emerged as a pivotal factor in our analysis, particularly in 2020
and 2022. Our findings denote that this offset in 2020 influenced more Model 2 than the
explanatory variables. Early in 2020, as illustrated in Figure 6a, the initial wave of COVID-
19 was restricted to specific regions. As the disease spread more uniformly across the country
in 2021, the influence of temporal exposure diminished. Interestingly, the strength of the
temporal exposure resurged in 2022. This finding highlights the critical role of accounting
for the outbreak onset in a municipality when analyzing COVID-19 mortality within specific
timeframes, especially in the early pandemic or when the death events are less frequent.

Additionally, the Urbanized with Informal Settlements cluster reported the second-
highest COVID-19 mortality rate in the country for the accumulated period. However,
our model estimates RRs for this cluster overlapping the CI of Semi-urbanized and Rural
with Low Human Development, the clusters with the lowest death rates. So, our model
controlled the correlation for Urbanized with Informal Settlements with more intensity,
which denotes that the interaction between this cluster and other variables in the model
reduced the RR estimated for this cluster. Further, many municipalities from the Urbanized
with Informal Settlements cluster are in metropolitan areas, which were initial gateways
for the coronavirus in Brazil, where temporal exposure plays a significant role.

Discussing our second research question (“What sociodemographic factors are
associated with COVID-19 mortality across Brazilian municipalities? ”), we note that ur-
banization is a critical factor in this study. Our analysis identifies the urban population
percentage as a robust indicator correlating with COVID-19 mortality rates within mu-
nicipalities. Other variables associated with urban living, such as the percentage of service
workers and expected years of schooling at age 18, also showed positive correlations. Our
empirical findings align with the insights presented by Keil (2021) that our increasingly
urbanized world explains the rapid global dissemination and impact of COVID-19.

Barbosa et al. (2020) and Ziyadidegan et al. (2022) indicate that, early in the
pandemic, areas with higher proportions of elderly populations had lower mortality rates.
Our study presents a non-significant correlation for this factor in the pandemic onset.
So, we analyzed the relationship between the proportion of elderly residents and COVID-
19 mortality across the time. Supplementary Figure 46 (Appendix E) shows that the
sociodemographic clusters reported either a negative or non-significant correlation between
the percentage of the population aged 60 years or more and COVID-19 mortality in
the early pandemic period. These observations coincide with the period when Brazilian
municipalities implemented stringent measures to reduce human mobility in response
to COVID-19, see Section 3.3.1. We hypothesize that increased care and protection of
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older individuals during the early stages of the pandemic in Brazil could explain this
behavior. However, further investigation is needed to determine whether municipalities
with larger elderly populations implemented more pronounced mobility reduction measures
than others at the pandemic onset.

Another notable finding regarding the elderly population is the elevated RR of 1.32
(95% CI: 1.29–1.35) estimated for 2022, which is substantially higher than the RR values of
1.11 (95% CI: 1.08–1.13) and 1.07 (95% CI: 1.05–1.09) estimated for 2020 and 2021, respec-
tively. While the exact cause of this increase remains uncertain, we hypothesize that the
vulnerabilities associated with aging and COVID-19 (Dessie and Zewotir, 2021; Rod et al.,
2020) became more pronounced as younger individuals received vaccinations in urbanized
areas. This shift may have left elderly populations comparatively more susceptible in 2022.

We confirmed the expectation that cities with a significant presence of informal
settlements were associated with higher COVID-19 mortality, but only during the first year.
Similarly, our findings for population density show a significant positive correlation only
during the first half of 2020. We believe that a more detailed investigation of population
density is warranted, potentially requiring analysis at the census tract level to uncover
more nuanced associations.

Our study supports concerns about COVID-19 impacts on the Indigenous popula-
tions in Brazil (Santos et al., 2020; Croda et al., 2022). We found an RR of 1.03 (95% CI:
1.02 - 1.04) for the percentage of Indigenous population. Similarly, the percentage of the male
population correlates for the early moment in 2020, 2021, and 2022, consistent with existing
literature (Gebhard et al., 2020; Jin et al., 2020; Clouston et al., 2021a; Unruh et al., 2022).

In Brazil, several ecological studies have examined the relationship between income
inequality and the impact of COVID-19. The Gini coefficient has often been identified as a
factor associated with COVID-19 outcomes, with findings reported for different time points
in the early moment: July 2020 (Martines et al., 2021; Demenech et al., 2020), August 2020
(Figueiredo et al., 2020), and September 2020 (Raymundo et al., 2021). Consistent with
these studies, we demonstrate in Appendix E that uncontrolled correlation analyses for
the same period indicate a positive association. However, our negative binomial regression
reveals a negative correlation between the Gini coefficient and COVID-19 mortality
during the first pandemic year. This finding highlights the importance of the selected
control factors in providing a more nuanced understanding of the complex relationship
between income inequality and COVID-19 mortality. Furthermore, from 2021 onward, our
Model 2 estimates no significant correlations for this variable, while uncontrolled analysis
in Appendix E suggests a negative relationship.
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We note a discrepancy between the perceived vulnerability of regions to COVID-19
at the pandemic onset and the outcomes observed three years later. Models proposed in
Brazil to identify the municipalities most vulnerable to COVID-19, such as the Municipal
Vulnerability Index - COVID-19 by the Votorantim Institute1, the Municipal Vulnerability
Index to the spread of the Coronavirus by the Perseu Abramo Foundation2, and Coelho et al.
(2020), highlighted the risks in municipalities from the North and Northeast of the country
due to their significant socioeconomic vulnerabilities and limited health infrastructure. How-
ever, by the end of the first three years of the pandemic, the Southeast, the Midwestern, and
the South regions experienced higher mortality rates than the North and Northeast regions.

Despite this, we argue that prioritizing the social and economic challenges faced by
poorer populations was justified. In the early stages of the pandemic, variables reflecting
these challenges, such as the unemployment rate, percentage of informal settlement house-
holds, and percentage of self-employed workers, demonstrated the strongest correlations
with COVID-19 deaths. We comprehend that the value of our work is in providing a
nuanced understanding that the factors associated with COVID-19 mortality in Brazilian
municipalities changed over time, being that from the end of 2020 onward, other factors, in-
cluding political preference, urban population, and elderly population, consistently showed
more pronounced correlations with COVID-19 mortality.

Our findings not only answer our third research question (“Is the political preference
manifested by the municipal populations correlated with COVID-19 mortality? ”) as highlight
that, among the factors analyzed, the percentage of votes for Bolsonaro in the 2022 Presiden-
tial Election exhibits the strongest correlation with COVID-19 mortality rates in Brazilian
municipalities. This result aligns with previous studies that have identified a link between
political preferences and COVID-19 outcomes at the municipal level (Lima et al., 2024a;
Xavier et al., 2022b; Hastenreiter Filho and Cavalcante, 2022). However, our study extends
these earlier works by incorporating a broader range of explanatory variables and covering
a more extended period, whereas prior research only analyzed data up to June 2021 (Lima
et al., 2024a; Xavier et al., 2022b; Hastenreiter Filho and Cavalcante, 2022). Additionally,
our approach improves upon previous studies by introducing control for temporal exposure.

Another variable that positively correlated with COVID-19 mortality is the per-
centage of people fully vaccinated, replying to our fourth question (“Did municipalities with
higher COVID-19 vaccination coverage experience lower mortality rates? ”). This result chal-
lenges the hypothesis that regions with higher vaccination efforts would experience lower
death rates. However, it aligns with an alternative hypothesis that areas with higher death
rates may have motivated greater engagement in vaccination than regions with milder out-
breaks. Several other factors could influence this correlation, including disparities in vaccine
1 https://institutovotorantim.org.br/ivm/2020/
2 https://fpabramo.org.br/2020/04/16/estudo-ranqueia-municipios-mais-vulneraveis-ao-coronavirus/
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access and distribution across Brazil. Additionally, potential inconsistencies in vaccination
data, as discussed in Section 3.3.2, further complicate the interpretation of this relationship.

4.3.1 Related work

Various studies have employed clustering algorithms or regression models to analyze
the COVID-19 pandemic, revealing distinct patterns of impact across different countries
(Afzal et al., 2021; Erandathi et al., 2021; Meng, 2021; Brida et al., 2021; Zarikas et al.,
2020; Gohari et al., 2022; Rizvi et al., 2021; Carrillo-Larco and Castillo-Cara, 2020; Awuah-
Mensah and Aidoo, 2024). Additionally, investigations at more localized levels have explored
the pandemic effects in specific regions, such as counties in the United States (Vahabi
et al., 2021; Ziyadidegan et al., 2022; Maleki et al., 2022; Nicholson et al., 2022; Clouston
et al., 2021b), municipalities in Mexico (Pérez-Ortega et al., 2022), municipalities in Italy
(De Angelis et al., 2021), districts in Germany (Hoebel et al., 2021), prefectures in Japan
(Yoshikawa and Kawachi, 2021), and basic health areas in Catalonia (López-Bazo, 2024).

In the Brazilian context, an ecological study examined data up to October 2020,
revealing an association between elevated social vulnerability and COVID-19 mortality
until June 2020 (Rocha et al., 2021). This study reported a shift where municipalities
with lower social vulnerabilities experienced higher mortality rates in subsequent periods
(Rocha et al., 2021), aligning with our findings. Another ecological study (Castro-Alves
et al., 2022) focused on the first year of the pandemic in Brazil and found a correlation
between well-urbanized municipalities and higher death rates, a finding also observed in our
work. Furthermore, Bermudi et al. (2021) analyzed administrative districts in São Paulo,
identifying a shift in high-risk areas from those with the best socioeconomic conditions to
those with the worst conditions during the first semester of 2020, denoting that enhanced
granularity studies reveal more nuance and complex correlations.

To the best of our knowledge, our study is the first to apply regression models
to analyze the correlation between sociodemographic clusters and variables, political
preferences, vaccination coverage, and temporal exposure to COVID-19 mortality across
Brazilian municipalities over a long-term period.

4.3.2 Limitations

We acknowledge limitations in the study presented in this chapter that warrant
consideration. First, due to the unavailability of a fully updated 2022 Census, some of
the sociodemographic data used in our analysis are based on the 2010 Census (IBGE,
2010). Consequently, municipalities that have experienced substantial changes in their
sociodemographic profiles over the past 14 years may introduce biases into the results.
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Additionally, the vaccination data employed in this study exhibit apparent inconsistencies,
as detailed in Section 3.3.2. Therefore, conclusions regarding the correlation between
vaccination and COVID-19 mortality should be approached carefully.

Furthermore, we did not find municipal-level databases on the population’s health
conditions, meaning these important correlated factors were absent from our analysis
(Richardson et al., 2020), which may have influenced our findings. Finally, it is important to
emphasize that the ecological associations reported in this chapter do not imply causation
(Szklo and Nieto, 2014).
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5 A COVID-19 MODEL WITH FUZZY TRANSITIONS BETWEEN EPI-
DEMIC PERIODS: A NATIONAL CASE STUDY

In this chapter, we aim to comprehensively reproduce the COVID-19 pandemic
in Brazil over the initial three years, providing insights into the actual scale, including
estimates for underreported cases. We refer to underreported cases as the number of
infections estimated to have occurred in a population not captured by the surveillance
system over a given period. To achieve this, we implemented a modified Susceptible,
Infected, Recovered, Dead, Susceptible (SIRDS) model, allowing us to infer changes in key
epidemiological parameters: basic reproduction number (R0), Infection Fatality Rate (IFR),
protected period (also named immunity period), and underreporting of cases. Our model
introduces innovation by incorporating time-varying parameters through fuzzy transitions
between epidemic periods.

We conducted a sensitivity analysis to validate our model and applied it to data
from countries beyond Brazil, ensuring its generalization for Spain, the United Kingdom,
and the United States. Regarding data from the first wave, we contextualized our findings
with studies that estimated prevalence (Hallal et al., 2020; Pérez-Gómez et al., 2023;
Public Health England, 2020c,a,b; Walker et al., 2021; Anand et al., 2020) and IFR
(Marra and Quartin, 2021; Picon et al., 2020; Silveira et al., 2020) based in serological
research. However, serological surveys have limitations in analyzing epidemics with multiple
outbreaks (Gibbons et al., 2014), making epidemiological modeling crucial to estimating
the true magnitude of prolonged epidemics.

In this regard, our work relates to other studies that have presented time-varying
models to reproduce changes in COVID-19 epidemiological parameters across outbreaks,
considering factors like human mobility patterns, emerging variants, and vaccination (Liu
et al., 2022; Yang and Shaman, 2022; Ferrante et al., 2022; Ghosh and Ghosh, 2022; Xu
and Tang, 2021; Romanescu et al., 2023; Nouvellet et al., 2021; Ribeiro Xavier et al., 2022;
Abolpour et al., 2021; Vasconcelos et al., 2021, 2023). For example, Vasconcelos et al. (2023)
analyzed COVID-19 mortality trends in Brazil through March 3, 2022, using a multistep
logistic-like function to model the waves. While methodologically distinct, our study comple-
ments this work by providing a broader examination of the first three years of the pandemic
in Brazil and offering additional insights into the temporal dynamics of COVID-19 mortality.
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We describe the methodology used in this chapter in Section 5.1. Sections 5.2
and 5.3 present the results and provide a discussion, including a detailed review of related
studies. We also published the findings of this chapter in PLOS ONE (Lima et al., 2024c).

5.1 Methodology

5.1.1 Data

Our comprehensive analysis of the COVID-19 pandemic in Brazil spans the first
three years, from 2020 to 2022. For estimating the effective reproduction number (Rt), we
utilized case data from the SARS database (DATASUS, 2022a), as outlined in Section 3.2.2.
Death data from the Mortality Information System (SIM) (DATASUS, 2022b), see Sections
3.1.1 and 3.2, were used to fit the model proposed in this work. Additionally, case data
from the Monitoring Panel (DATASUS, 2020a) were employed to estimate underreporting.
To determine the population size of Brazil, we used the 2022 Demographic Census (IBGE,
2022) provided by the Brazilian Institute of Geography and Statistics (IBGE).

For broader applicability, we utilized COVID-19 data from Our World in Data
(Ritchie et al., 2020) for Spain, the United Kingdom, and the United States. This dataset
was employed to illustrate the generalization of our model, as presented in Section 5.1.3.2.
Appendix F provides charts with time series for these countries.

5.1.2 SIRDS model with fuzzy epidemic period transitions

In this chapter, we introduce an epidemiological model that incorporates time-
varying parameters and leverages fuzzy theory (Zadeh, 1965; Ross, 2005) to enhance the
smoothness of transitions between epidemic periods. To propose this model, we regard
the critical components of the SIRDS model, as presented in Section 2.2.1. Section 5.1.2.1
outlines the underlying assumptions that guided our decision to propose a model with
time-varying parameters and fuzzy transitions. We present the implementation of the
model in Section 5.1.2.2. Furthermore, Section 5.1.2.3 delves into the presentation of the
objective function and the optimization method employed in our study.

5.1.2.1 Assumptions

In this study, we propose that epidemiological parameters change during a pan-
demic due to modifications in mobility patterns, mutations in virus properties (such as
the emergence of new variants), and fluctuations in vaccination coverage.
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We conducted an extensive set of 76,650 epidemic simulations spanning three years
to validate these assumptions. These simulations covered a range of values for R0 (1 to 8).
They included parameters such as an infectious period of eight days, IFR of 1%, a protective
immunity period of one year, and an initial count of 0.14 infected individuals in a population
of 100,000. Figure 23 shows some simulations and illustrates the dynamic patterns of Rt.

In our simulations with a static R0, we observed a pattern where each outbreak
showed a lower Rt peak than its precursor. This sequential drop in Rt peaks continued until
reaching an endemic equilibrium, as shown in Fig 23b. While the simulations with static
R0 showed a consistent drop in Rt peaks, aligning with an endemic equilibrium, real-world
COVID-19 outbreaks showed a distinct pattern. The dynamics of actual outbreaks did not
conform to the consistent drop seen in simulations, suggesting that factors like changes in
mobility patterns (Arroyo-Marioli et al., 2021; Nouvellet et al., 2021; Nishiura and Chowell,
2009; Reis et al., 2020) and the emergence of new variants (Liu and Rocklöv, 2021, 2022)
contribute to changes in virus transmissibility.

We also noted a pattern in the initial outbreak, where Rt starts at the peak and
then declines following (2.9). However, the initial outbreak coincided with a significant re-
duction in population mobility during the COVID-19 pandemic. Thus, we hypothesize that
the initial outbreak began with a transmission pattern that changed for many places even
during the first outbreak. We conducted 18,625,950 simulations to investigate, reducing
R0 by 10% to 50% at different points during the first outbreak.

We conducted a comparative analysis of the initial outbreak simulations, compar-
ing those with variable R0 and their counterparts in simulations with constant R0. To assess
the similarities between these scenarios, we employed the FastDTW algorithm (Salvador
and Chan, 2007), a heuristic algorithm designed as an efficient alternative to the Dynamic
Time Warping (DTW) algorithm. This approach produces a distance measurement for
evaluating the similarity between two-time series (Salvador and Chan, 2007). Figugre 24a
shows the assessed similarities, with the lowest DTW similarity recorded at 0.215.

Moving beyond the initial outbreak, we noted that the Rt time series of the subse-
quent outbreaks present a curve similar to a bell-shaped one as shown in Figure 23. To quan-
tify the similarity between the left and right sides of these curves, we utilized the equation:

similarity =

∑e
i=pRt(i)−

∑p
i=bRt(i)∑e

i=bRt(i)
, (5.1)

where b is the start point, p is the Rt peak, and e is the end point of an outbreak. In this
equation, when similarity > 0, the right side is higher than the left side; when similarity < 0,
the left side is higher than the right side; and when similarity = 0, the left and right sides
there is the same sum of Rt. The similarities for simulations without R0 changes are shown
in Figure 24b, with the similarity between sides ranging between -0.39 and 0.22.
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Figure 23 – SIRDS model simulations across three years for different basic reproduction
numbers (R0). Each row corresponds to a specific R0 value. The charts on the
left depict simulation outputs for the Susceptible (S), Infected (I), Recovered
(R), and Deceased (D) compartments. On the right side, the charts display
the observed effective reproduction number (Rt) over time, with a dashed
horizontal line at the reference value (Rt = 1) used for epidemic monitoring.

We noted a decline in the lethality across the pandemic. Section 3.2.4 and Ap-
pendix G show a CFR drop from the early stages to the end of the study period. We
recognize the impact of underreporting on this measurement, mainly during pandemic
peaks. However, our observation suggests a drop in the lethality throughout the pandemic.
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Figure 24 – Comparative boxplots of effective reproduction number (Rt) similarity distri-
butions in synthetic SIRDS outbreaks. (a) Dynamic Time Warping (DTW)
similarity for the first outbreak, contrasting synthetic samples with a change
in basic reproduction number (R0) to their counterparts in synthetic samples
without changing the R0. (b) Similarity between left and right sides for subse-
quent outbreaks in synthetic samples without changing the R0.

Our study assumes that parameters vary during different epidemic periods. Specif-
ically, the change between periods for the contact rate (β) tends to be rapid, while that for
the infection fatality probability (f) is gradual. Although evidence about the transition be-
tween periods for immunity loss is lacking, our hypothesis suggests a slow shift similar to f .

5.1.2.2 Model implementation

In this section, we describe the implementation details of our SIRDS model with
fuzzy epidemic period transitions, building upon the epidemiological concepts introduced
in Section 2.2.1 and the assumptions outlined in Section 5.1.2.1.

Our model incorporates the following parameters:

• Initial infected population (I(0)),

• Recovery rate (γ),

• List representing contact rates for different epidemic periods (
−→
β ),

• List representing infection fatality probabilities for different epidemic periods (
−→
f ),

• List representing immunity loss rates for different epidemic periods (−→ω ),

• List denoting breakpoints for fast transition between epidemic periods (
−−→
bfast),

• List representing transition days for smoothing fast transitions (−−→τfast),

• List denoting breakpoints for slow transition between epidemic periods (
−−→
bslow).
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It is essential that the minimum size of the parameters
−→
β ,
−→
f , and −→ω be one.

The parameters
−−→
bfast and −−→τfast are of the same length, both having one item less than

−→
β .

Similarly,
−→
f and −→ω have the same size, both having one item more than

−−→
bslow.

Our model instantiates a fuzzy variable to represent a fast transition (µfast) between
epidemic periods. The universe is the number of days in simulation. A fuzzy partition
in this variable represents each epidemic period. These partitions are trapezoidal shapes
whose peak, i.e. µfast = 1, extends from the correspondent breakpoint to the adjacent
one. For each partition, the beginning is advanced by the correspondent transition days
considering its peak beginning, and the end is delayed by the adjacent transition days
considering its peak end. Thus, the total number of fuzzy partitions is |

−−→
bfast|+ 1.

Our model also instantiates a fuzzy variable to represent a slow transition (µslow)
between epidemic periods. The universe also is the number of days in simulation. A fuzzy
partition in this variable represents each epidemic period. These partitions are triangular
shapes, beginning at the previous breakpoint, reaching the correspondent breakpoint
at the top, i.e. µslow = 1, and ending at the next breakpoint. The exception is the last
epidemic period, where there is a trapezoidal function with a shape starting at the previous
breakpoint and reaching its peak from the correspondent breakpoint to the boundaries of
the universe. Thus, the total number of fuzzy partitions is |

−−→
bslow|+ 1.

In our model, the fuzzy variables operate with parameters β, f , and ω to re-
produce different epidemic periods. Equation (5.2) defines the inference mechanism for
defuzzification at day t for a time-varying epidemic parameter (θ′) using a pair of a fuzzy
variable (µ) with n partitions and a list of epidemic parameters (

−→
θ ) also with n items.

θ′(
−→
θ , µ, t) =

∑n−1
i=0 (µi(t)×

−→
θi )∑n−1

i=0 (µi(t))
. (5.2)

The algorithm for the SIRDS model with fuzzy epidemic period transitions is
summarized in Algorithm 1. The simulation function takes various parameters and computes
the rates of change for susceptible (S), infected (I), recovered (R), and deceased (D)
populations at a given time step t.

This algorithm provides a comprehensive view of the model dynamics, capturing
the influence of fuzzy variables on epidemic parameters and their impact on the SIRDS
compartmental model.
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Algorithm 1 SIRDS model with fuzzy epidemic period transitions.

1: procedure Simulation(t, S, I, R, D, γ,
−→
β ,
−→
f , −→ω , µfast, µslow)

2: N ← S + I +R +D
3: β ← θ′(

−→
β , µfast, t)

4: f ← θ′(
−→
f , µslow, t)

5: ω ← θ′(−→ω , µslow, t)
6: dS/dt = −βIS/N + ωR
7: dI/dt = βIS/N − γI
8: dR/dt = (1− f)γI − ωR
9: dD/dt = γfI

10: return dS/dt, dI/dt, dR/dt, dD/dt

5.1.2.3 Parameter optimization

We employed the stochastic differential evolution algorithm (Storn and Price,
1997) from the Python SciPy library for effective model parameter fitting. The objective
was to minimize the discrepancies between original data and simulations for both the
death rate per 100,000 inhabitants in the 7-day moving average (M) (DATASUS, 2022b)
and the effective reproduction number (Rt) calculated in Section 3.2.2. To achieve this, we
formulated a composite objective function using:

MAE(M, M̂)

M
+

MAE(Rt, R̂t)

Rt

, (5.3)

where Mean Absolute Error (MAE) is defined by (5.4). Here, M̂ and R̂t are the estimated
mortality and effective reproduction numbers from our model, respectively. M and Rt

represent the mean values of M and Rt, respectively.

MAE(y, ŷ) =
1

n

n∑
i=1

|yi − ŷi| (5.4)

We set the stochastic differential evolution algorithm with a maximum of 10,000
generations, a multiplier factor of five (so, the total population size is five times the
quantity of model parameters), an update strategy for the best solution vector once per
generation, the mutation strategy ‘best1bin’, a relative tolerance parameter of 0.01, an
absolute tolerance parameter of 0 (a stringent convergence criterion), a mutation parameter
range of (0.5, 1), a recombination parameter of 0.7, the Latin hypercube initialization
strategy, and an additional local optimization step using the L-BFGS-B method after the
global optimization process.
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The input parameters for our model vary with the number of outbreaks. We first
identify the outbreaks following Section 3.2.3. For each outbreak after the initial one,
we define a breakpoint bfast to represent fast transitions between epidemic periods. We
estimate R0 and assess the similarity between the first outbreak Rt and that estimated
from its corresponding R0. If the similarity is higher than 0.22, we add an adjusted bfast to
account for changes in disease transmissibility across the outbreak, as explained in Section
5.1.2.1. We also assess the similarity between sides of outbreak curves for the subsequent
outbreaks. If not within the range (-0.39, 0.22), we add an adjusted bfast to capture changes
in disease transmissibility across the outbreak, again, as presented in Section 5.1.2.1. We
define an initial β and one β for each bfast, along with one τ for each bfast.

For representing a slow transition between epidemic periods, we define one break-
point bslow for each outbreak after the initial one, considering that the interval between
outbreaks is at least 180 days. Therefore, in practical terms, is bslow a subset of bfast. We
set an initial f and ω, along with one f and ω for each bslow.

We optimize our model considering parameter bounds presented in Table 9, a
population of 100,000 individuals, and the simulation period beginning at the start of the
case time series. Empirically, we observed that our model performs better when γ is static,
so we did not optimize this parameter using the stochastic differential evolution method,
as detailed in Section 5.1.3.1. Additionally, it is crucial to highlight that bslow ⊂ bfast, and
optimization of these parameters is unnecessary, as bfast has already been optimized.

5.1.3 Experiments

5.1.3.1 Fitting the recovery period

By the insights from Voinsky et al. (2020), indicating a COVID-19 infectious
period spanning from 8 to 20 days, we assessed these infectious periods within our model.
To estimate the recovery rate (γ), we considered a range of values: γ ∈

{
1
8
, 1
9
, 1
10
, ..., 1

20

}
. We

conducted 20 model executions for each γ using national data from Brazil. The maximum
bound for the parameter initial quantity of infected population (I(0)) was set as the sum
of case rates per 100,000 inhabitants until the 14th day in the first outbreak (i.e., 0.043).

The outcomes, illustrated in Figure 25a, underscore the optimal performance
achieved by our proposed model when the infectious period is configured to eight days,
corresponding to γ = 1/8, which we observed error of 0.165 (95% CI: 0.162 - 0.170).
Furthermore, Figs 25b and 25c suggest that adopting an infectious period of 8 days incurs
a slightly higher optimization cost. Importantly, this incremental cost is well-justified,
contributing to refining and enhancing the model outcome. Therefore, all subsequent
experiments in this thesis were conducted with γ = 1/8.
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Table 9 – Model parameter bounds for optimization.

Parameter Description Minimum value Maximum value Reference

I(0)
Initial quantity of
infected population.

1
population × 100, 000 Empirically defined Empirical

b0fast

Adjusted breakpoint in initial
outbreak for fast transition
between epidemic periods.

Outbreak begin Outbreak end Empirical

bfast
Breakpoint for fast transition
between epidemic periods. Outbreak begin At R↑

t Empirical

b′fast

Adjusted breakpoint in subsequent
outbreaks for fast transition
between epidemic periods.

At R↑
t Outbreak end Empirical

τ
Transition days for
smoothing fast transitions
between epidemic periods.

0 56 Empirical

β0 Initial contact rate. γRt γR0 Empirical

β′
0

Adjusted contact rate
in initial outbreak. γRQ0.25

t γR0 Empirical

β Contact rate. max(inf βb−1, γR
↑
t ) γR↑

t /0.3 Empirical
β′ Adjusted contact rate. γRQ0.25

t γR↑
t /0.3 Empirical

f IFR in probability. max( M
100,000

, 0.0001) min(CFR, 0.0133) Verity et al. (2020)
ω Immunity loss rate. 1/365 1/90 Pulliam et al. (2022)

R↑
t : Peak of the effective reproduction number in outbreak.

Rt: Mean of the effective reproduction number in outbreak.
R0: Basic reproduction number.
RQ0.25

t : First quartile of the effective reproduction number in outbreak.
γ: Recovery rate.
inf βb−1: Minimum bound of the previous contact rate.
IFR: Infection Fatality Rate.
CFR: Case Fatality Rate (in probability) in the epidemic period.
M: Death rate per 100,000 inhabitants in the epidemic period.
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Figure 25 – Boxplots showing key metrics of model optimization for infection periods
of 8–20 days: (a) objective function error, (b) iterations, and (c) function
evaluations. Boxes represent the first and third quartiles, with the median as
a horizontal line and whiskers extending to 1.5 times the interquartile range.
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In Section 5.2, we succinctly present the outcomes for the optimal infection period.
We evaluate the effectiveness of our model using two key metrics: the Mean Squared Error
(MSE) and the coefficient of determination (R2), defined by (5.5) and (5.6), respectively.

MSE =
1

n

n∑
i=1

(yi − ŷi)2. (5.5)

R2 = 1−
∑n

i=1(yi − ŷi)2∑n
i=1(yi − ȳ)2

. (5.6)

5.1.3.2 Model application to other countries

To apply our model to data from Spain, the United Kingdom, and the United States,
we first estimated the Rt time series using the method outlined in Section 3.2.2. However, ad-
justments were necessary for the input data of these countries. Specifically, we estimated the
onset of symptoms from the new death time series, considering a delay of 19 days between on-
set and death (Verity et al., 2020). The Appendix H shows charts for Rt series of these places.

We conducted 20 pandemic simulations for each country, assuming an infectious
period of eight days (γ = 1/8). In the cases of Spain and the United States, we set the max-
imum bound for the parameter I(0) as the sum of case rates per 100,000 inhabitants until
the beginning of the first outbreak time series, resulting in 0.0084 and 0.0068, respectively.
On the other hand, we set the maximum bound for the United Kingdom for the parameter
I(0) to the same value as the minimum bound for this parameter, as presented in Table
9, and set the simulation period began at the peak date of Rt within the initial outbreak.

5.1.3.3 Parameter sensitivity assessment

To evaluate the local sensitivity of our model parameters, we employed the One-
Parameter-at-a-Time (OAT) method (Hamby, 1994) using the simulations for Brazil data.
The mean values estimated for the parameters in Section 5.1.3.1 served as the baseline. For
each parameter, we perturbed its value by 1%, 10%, and 50%, keeping the others fixed.

As defined in (5.7), the absolute elasticity measure was utilized to assess parameter
sensitivity, regarding the objective function (5.3) as the output. An absolute elasticity
greater than one indicates that the parameter is elastic, meaning higher sensitivity. In
other words, a change in the parameter leads to a proportionally more significant change in
the output. Conversely, an absolute elasticity of less than one suggests that the parameter
is not elastic, indicating lower sensitivity.
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absolute elasticity =

∣∣∣∣% change in output
% change in input

∣∣∣∣ . (5.7)

5.1.3.4 Estimating underreporting factor

The underreporting factor, estimated using (5.8), represents the ratio between
estimated infections by a model and reported cases by health authorities. It is essential
to clarify that estimated infections encompass not only the reported cases but also the
unreported cases and potentially any cases overreported by the health authorities.

underreporting factor =
estimated infections

reported cases
. (5.8)

5.2 Results

5.2.1 Retrospective analysis

In this analysis, we focus on the results obtained using our model with an eight-
day recovery period (γ = 1/8) applied to COVID-19 data from Brazil. Fig 26 provides
a comprehensive overview of our model outcomes, including comparisons with the original
data for various aspects such as the Rt, new cases, new deaths, total cases, and total deaths.

Table 10 presents the evaluation of the model performance, demonstrating a low
MSE and high R2 for both Rt and new deaths, indicating a well-fitted model.

Table 10 – Results for COVID-19 simulation with data from Brazil, Spain, United Kingdom,
and United States.

Country Error MSE R²
Rt New death rate Rt New death rate

Brazil 0.165 (0.162-0.170) 0.009 (0.008-0.011) 0.004 (0.004-0.004) 0.872 (0.844-0.888) 0.967 (0.965-0.969)
Spain 0.256 (0.251-0.263) 0.054 (0.044-0.072) 0.004 (0.004-0.004) 0.786 (0.716-0.826) 0.951 (0.949-0.953)
United Kingdom 0.260 (0.244-0.274) 0.044 (0.042-0.045) 0.009 (0.007-0.011) 0.711 (0.699-0.722) 0.943 (0.926-0.957)
United States 0.126 (0.123-0.130) 0.004 (0.004-0.004) 0.001 (0.001-0.002) 0.963 (0.961-0.965) 0.971 (0.970-0.972)

Note: values are presented as the mean with 95% Confidence Interval (CI) bounds in parenthesis.
Error: the objective function error, as defined by (5.3).
MSE: Mean Squared Error. R2: coefficient of determination. Rt: effective reproduction number. New
death rate: per 100,000 inhabitants.

Figure 27a presents the model estimation of the R0 for Brazil, indicating an initial
value of 2.44 (95% CI: 2.42 - 2.46). Notably, the model depicts a subsequent decrease in
R0 to 1.00 (95% CI: 0.99 - 1.01) on May 18, 2020. Following this initial decline, the model
suggests a successive increase in R0 with each outbreak, culminating in its peak value of
5.20 (95% CI: 4.83 - 5.41) observed in the last outbreak.
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Figure 26 – Comprehensive analysis of simulation results for COVID-19 in Brazil. (a)
Model outcomes for an eight-day recovery period detailing the population
compartments: Susceptible, Infected, Recovered, and Deceased. (b) Time
series comparison between the effective reproduction number (Rt) estimated
directly from reported Severe Acute Respiratory Syndrome (SARS) cases and
Rt calculated by model simulations. (c) Time series comparison between new
cases reported by health authorities and new infections in model simulations.
(d) Time series comparison between new deaths reported by health authorities
and new deaths in model simulations. (e) Time series comparison between
cumulative cases reported by health authorities and cumulative infections in
model simulations. (f) Time series comparison between cumulative deaths
reported by health authorities and cumulative deaths in model simulations.
Shaded regions depict the 95% Confidence Interval (CI).
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Figure 27 – Time-varying model parameters fitted for COVID-19 in Brazil. (a) Basic
reproduction number (R0) varying with time (t). (b) Infection Fatality Rate
(IFR) varying with t. (c) Days to loss of immunity (Ω) varying with t. Shaded
regions depict the 95% Confidence Interval (CI).
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Figure 27b suggests an initial COVID-19 lethality in Brazil of 0.88% (95% CI:
0.81% - 0.94%). The model further indicates a continuous reduction in IFR throughout the
outbreaks, reaching its lowest value of 0.018% (95% CI: 0.011 - 0.033) in the last outbreak.

The parameter about the number of days to loss of immunity, Figure 27c, showed
the highest uncertainty. The initial immunity period was estimated to be 234 days (95%
CI: 206 - 262), exhibiting an increasing trend, albeit with a reduction observed in mid-2021.
The last studied outbreak revealed an immunity period of 341 days (95% CI: 327 - 352).

We also estimate that 63 people (95% CI: 58 - 68) were infected in Brazil when
the health authorities reported the first case. For further insights, Appendix I details the
fuzzy variables used in this work to facilitate smooth transitions between epidemic periods.

In conclusion, our model reveals a substantial disparity between reported cases in
Monitoring Panel (DATASUS, 2020a) and simulated infections, estimating a factor of 12.9
(95% CI: 12.5 - 13.2) more infections than the officially notified cases by Brazilian health
authorities until the end of 2022. When analyzing the data for each year, we found that the
simulated infections were 5.8 (95% CI: 5.2 - 6.4), 12.9 (95% CI: 12.5 - 13.3), and 16.8 (95%
CI: 15.8 - 17.5) times higher than the reported cases in 2020, 2021, and 2022, respectively.

5.2.2 Model generalization

Table 10 illustrates the broad applicability of our model across other countries.
We observe reduced errors and well-fitted coefficients of determination for both Rt and
new deaths. Notably, the simulations for the United States exhibit the highest level of
fitting. Overall, the simulations align more closely with the rate of new deaths than the
Rt. An overview of the simulations for Spain, the United Kingdom, and the United States
is available in Appendix J.

5.2.3 Comparisons with serological research

Figure 28 illustrates that our simulations for the early pandemic moments align
with national serological research for Brazil, the United Kingdom, and the United States.
Notably, Spain is the only country where our simulation deviates significantly.

Hallal et al. (2020) conducted two seroprevalence surveys in 133 larger cities in
Brazil, using random household and individual selection while excluding children under one
year. The first survey, conducted from May 14–21, 2020, had 25,025 individuals, estimating
a seroprevalence of 1.9% (95% CI: 1.7 – 2.1), and the second survey, conducted from June
4–7, 2020, had 31,165 individuals, estimating a seroprevalence of 3.1% (95% CI: 2.8 – 3.4).
In comparison, our model estimated cumulative infections for Brazil as 2.36% (95% CI:
2.17 - 2.56) on May 14, 2020, and 4.06% (95%CI: 3.72 - 4.44) on June 04, 2020.
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Figure 28 – Comparison of cumulative COVID-19 infections simulated by our model,
cumulative reported cases by health authorities, and serological prevalence
during the early stages of the pandemic in various countries. (a) Brazil: reported
cases from Monitoring Panel (DATASUS, 2020a) and serological prevalence
from Hallal et al. (2020). (b) Spain: reported cases from Our World in Data
(Ritchie et al., 2020) and serological prevalence from Pérez-Gómez et al. (2023).
(c) United Kingdom: reported cases from Our World in Data (Ritchie et al.,
2020) and serological prevalence from Public Health England (Public Health
England, 2020c,a,b). (d) United States: reported cases from Our World in
Data (Ritchie et al., 2020) and serological prevalence from Walker et al. (2021)
and Anand et al. (2020). Dashed lines are the simulated cumulative infections,
and shaded regions depict the 95% Confidence Interval (CI).

Pérez-Gómez et al. (2023) conducted a representative cohort study of the Spanish
population, with 68,287 participants between April 27, 2020, and June 22, 2020. They
estimated a seroprevalence in Spain of 6% (95% CI: 5.7 - 6.4) for this period. In contrast,
our model estimated a prevalence of 15.5% (95% CI: 12.4 - 18.8) on April 27, 2020.

Public Health England conducted four serological surveys in the first wave in
England (Public Health England, 2020c,a,b), which serve as a reference for our simulations
in the United Kingdom. The first two surveys (Public Health England, 2020c) were based
on healthy blood donors aged 17-69 years, aligning well with our simulations. However, the
last two surveys (Public Health England, 2020a,b) included healthy blood donors aged 17
years and older, reducing seroprevalence and causing our model to estimate the prevalence
higher than these surveys. Public Health England attributes this decrease in prevalence to
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demographic variations in the donor pool, such as the inclusion of donors aged 70 years
and older, who were previously restricted during lockdown, and also considers waning
antibodies as a potential contributing factor (Public Health England, 2020a,b).

Our prevalence simulations for the United States align with two serological surveys
based on dialysis patients. Walker et al. (2021) estimated a prevalence of 5.8% (95% CI:
5.4 - 6.2) among 12,932 dialysis patients from May 27, 2020, to July 1, 2020. Additionally,
Anand et al. (2020) estimated a prevalence of 9.3% (95% CI: 8.8 – 9.9) based on a sample
of 28,503 randomly selected adult patients receiving dialysis during July 2020.

5.2.4 Sensitivity analysis

In Figure 29, the impact of perturbations in the first breakpoint parameter (b0)
on the COVID-19 simulation for Brazil is evident, showcasing its significant sensitivity.
Generally, breakpoint parameters demonstrate considerable sensitivity. Additionally, pa-
rameters related to transmissibility, denoted by β, exhibit sensitivity, with the last three
showing relatively lower impact. Notably, the initial population infected (I(0)) is another
parameter demonstrating sensitivity among the model variables.

Conversely, our model exhibits low sensitivity in two crucial epidemiological
parameters, namely lethality (f) and loss of immunity (ω). About lethality, we observed
some sensitivity for f ′

1 and f4 when perturbed by 50%. An additional parameter introduced
in our model to facilitate smooth transitions between epidemic periods (τ) demonstrated
low sensitivity, with τ ′

0 being the only instance where we observed some elasticity.

5.3 Discussion

In this study, we developed a novel mathematical epidemiological model with time-
varying parameters driven by fuzzy transitions between epidemic periods. The formulation
of this model originated from the considerations outlined in Section 5.1.2.1. We applied and
validated our model using COVID-19 data from Brazil, Spain, the United Kingdom, and
the United States, demonstrating its robustness and generalization capabilities (Section
5.2.2). Comparative analyses with seroprevalence research in Section 5.2.3 illustrated good
model fit, aligning well with the available evidence. Furthermore, the sensitivity analysis
in Section 5.2.4 emphasized the crucial role of the time-varying property in capturing the
dynamics of the COVID-19 pandemic over three years, particularly concerning changes in
transmissibility and breakpoints between epidemic periods. We use this model to present
a retrospective analysis of the pandemic in Brazil in Section 5.2.1.
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Figure 29 – Sensitivity analysis heatmap for perturbations of 1%, 10%, and 50% in opti-
mized parameters with COVID-19 data in Brazil. Each row corresponds to a
specific parameter θk, where k denotes the parameter associated with a partic-
ular COVID-19 outbreak. When θ′k is mentioned, it represents an adjustment
parameter for atypical outbreak k. The numerical values in each cell represent
the elasticity measured for θ under a specific perturbation. The parameters
include the initial quantity of infected population I(0), the breakpoint indi-
cating the start of an outbreak (b), transition days between epidemic periods
for fast transitions (τ), contact rate (β), infection fatality rate probability (f),
and immunity loss rate (ω). Empty cells indicate simulations with errors due
to invalid parameter values.
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While several studies have leveraged fuzzy theory for COVID-19 pandemic model-
ing to account for complexity and uncertainties (Melin and Castillo, 2021; Castillo and
Melin, 2021; Castillo et al., 2023; Sharma et al., 2021; Abdy et al., 2021), our approach
differs from others to employ fuzzy theory in the transitions between epidemic periods,
turning the modeling of epidemic period transitions more aligned with our observations of
the COVID-19 pandemic. This feature provides a comprehensive view of the epidemiologi-
cal parameter dynamics, as evidenced in Figure 27, which depicts the time-varying trends
for R0, IFR, and the protection period in the Brazilian context.

We used the proposed model in this work to reproduce the first three COVID-19
pandemic years in Brazil with great reasonability. The estimated R0 of 2.44 (95% CI: 2.42 -
2.46) aligns with other works (Arroyo-Marioli et al., 2021; Nouvellet et al., 2021). Notably,
the time-varyingR0 during the first wave is in line with the adjustedR0 of 0.91 (95% CI: 0.83
- 1.01) identified by Nouvellet et al. (2021), reflecting the initial reduction in human mobility.

Marra and Quartin (2021), using the same database of Hallal et al. (2020),
estimated the IFR for Brazil as 1.03% (95% CI: 0.88% – 1.22%) for serological tests
collected between May and June 2020, while our model estimated an IFR of 0.62% (95%
CI: 0.57 - 0.68) for the period until June 24, 2020. Our estimate is consistent with other
studies that investigated the IFR in the first wave, such as the study conducted by Picon
et al. (2020), which estimated an IFR of 0.60% (95% CI, 0.49% – 0.74%) considering
antibody prevalence in a Brazilian city, Silveira et al. (2020), which estimated an IFR of
0.38% (95% CI: 0.21% – 0.80%) considering antibody prevalence in a Brazilian state, and
Verity et al. (2020), which estimated an IFR of 0.66% (95% CI: 0.39% – 1.33%) using
early Polymerase Chain Reaction (PCR) tests in China.

The duration of protection against COVID-19 is still uncertain, as research suggests
a fast decay of coronavirus antibodies (Hallal et al., 2020). While some studies indicate
that antibody protection could last between five and seven months (Ripperger et al., 2020),
others suggest that T and B cells may extend protection (Cohen et al., 2021). Furthermore,
there is a risk of reinfection within 90 days of the previous infection (Morris et al., 2022;
Pulliam et al., 2022), and also the emergence of new variants that may escape the protection
given by a previous infection or vaccine (Pulliam et al., 2022; Nyberg et al., 2022).

Ferrante et al. (2021b) proposed an epidemic model that estimated a protection
period of 240 days for COVID-19 based on data from the first and second waves in
Manaus/AM. Similar to our model, that estimated a protection period of 234 days (95%
CI: 206 – 262) for the early pandemic moments. Morris et al. (2022) used SARS-CoV-2
genomic surveillance data from Johns Hopkins and found a median interval of 377 days
between the first infection and reinfection. However, another empirical study showed that
reinfection peaks with intervals of six months in South Africa (Pulliam et al., 2022).
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The protection period is, without a doubt, the COVID-19 parameter with the
most significant uncertainty, as can be seen in our simulation with data from Brazil in
Figure 27 and for the other countries in Appendix K. Our sensitivity analysis reinforces
this uncertainty, which shows that the protection period is a parameter with low sensitivity.

Estimating the underreporting of cases is a critical factor in comprehending the
actual magnitude of an epidemic. In the early stages of the COVID-19 pandemic in Brazil,
several studies focused on addressing this issue. For instance, Reis et al. (2020) utilized a
mathematical model and estimated that only 10% of COVID-19 infections in Brazil were
reported until April 6, 2020. Our model suggests an even more significant underreporting,
indicating that Brazilian health authorities reported approximately 4.3% (95% CI: 4.0 - 4.6)
of infections during the same period. Bastos et al. (2021), also employing a mathematical
model, estimated a range of 8-16 times more infections than reported cases until May 31,
2020, which aligns with our model that estimated a factor of 15 (95% CI: 13 - 16) for
the same period. Our findings are consistent with a machine learning model proposed by
Noh and Danuser (2021), which estimated that around 20% of infections were reported in
Brazil until September 3, 2020.

We recognize that serological surveys are the most reliable method for assessing the
underreporting of COVID-19 cases. While the comprehensive COVID-19 serological survey
in Brazil conducted by Hallal et al. (2020) did not explicitly calculate the underreporting
ratio, we estimated an underreporting factor of 9.1 (95% CI: 8.2 - 10.0), based on their
prevalence study on June 4-7, 2020. Our model approximated the factor derived from
Hallal et al. (2020), estimating a factor of 12.6 (95% CI: 11.6 - 13.9) until June 7, 2020.

We note that serological surveys also have limitations as they cannot differentiate
between historical and current infections or distinguish antibodies resulting from natural ex-
posure and vaccination (Gibbons et al., 2014). Conducting a serological survey after around
three years (1,050 days) becomes increasingly challenging, and we have not found recent
studies employing this method in the Brazilian context. Therefore, epidemiological model-
ing is crucial in analyzing a prolonged epidemic such as COVID-19 in Brazil. Our proposed
model competes well with solid epidemiological evidence noted in the first wave and success-
fully captures the mortality rate trends and Rt in other outbreaks. To our knowledge, our
model is the first comprehensive investigation of the first three years of COVID-19 in Brazil.

Still, regarding the underreporting of COVID-19 cases in Brazil, our model suggests
an increase in underreporting factors after the first pandemic year. We conjecture that
the model caught an under-ascertainment phenomenon, where infected individuals do not
seek healthcare (Gibbons et al., 2014). Several factors likely contributed to this population
behavior, including a sense of reduced risk among the population due to vaccination (Juyal
et al., 2021; Dong et al., 2020), the predominance of mild Omicron infections (Nyberg
et al., 2022), and the availability of self-tests (Salles, 2023).
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The official data about Brazil revealed a 79% reduction in CFR during the 2022
year compared to 2020. Our model estimated an even more substantial 94% (95% CI: 93
- 95) reduction in IFR for the same period, likely associated with increased underreporting
during the Omicron phase, as previously discussed. Likewise, for the Omicron phase, other
mathematical models by Ribeiro Xavier et al. (2022) estimated a 41% reduction in IFR for
Brazil, Liu et al. (2022) reported a 78.7% reduction (95% CI: 66.9% - 85.0%) in South Africa,
and Yang and Shaman (2022) observed IFR reductions in nine South African provinces.

5.3.1 Limitations

While our work effectively captures the dynamic changes in epidemiological param-
eters across outbreaks, we recognize certain limitations inherent in our modeling approach.

Firstly, we maintained a fixed recovery period of 8 days (γ = 1/8), as discussed
in Section 5.1.3.1. Our empirical observation drove this decision that introducing time
variability to γ significantly increased computational costs for parameter optimization
without substantially improving model outcomes.

Moreover, our model does not explicitly include an Exposed (E) compartment,
despite the common suggestion in the literature to incorporate an incubation period for
modeling COVID-19 (Delli Compagni et al., 2022; Ala’raj et al., 2021; Silva et al., 2020). We
addressed this limitation by assuming that our Infected (I) compartment implicitly considers
aspects of asymptomatic and pre-symptomatic infections. Our observation indicates that
the model aligns well with the observed deaths and Rt even with this simplification.

We must note that we relied on notification dates reported by health authorities
rather than the actual event dates for data from Spain, the United Kingdom, and the
United States. This divergence in data sources introduces uncertainties and may impact
the precision of our generalization analyses.

Finally, we acknowledge the lack of direct comparisons with other compartmental
models, which would help assess the convergence and divergence of our simulation results
relative to alternative approaches.
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6 MODELS FOR MEDIUM-TERM FORECASTING COVID-19 MORTAL-
ITY IN LARGE BRAZILIAN MUNICIPALITIES

The COVID-19 pandemic (WHO, 2020d) profoundly impacted the world, beginning
in 2020 and persisting through subsequent years. In response, governments and health
authorities relied on forecasting models to guide critical decisions to interventions, resource
allocation, and public health planning (Shinde et al., 2020).

Now, some years after the peak of the COVID-19 crisis, we can retrospectively
evaluate the effectiveness of the forecasting models. Although the academic community
has contributed with many models, especially for short-term forecasts spanning a few days
to weeks (Rahimi et al., 2021; Kamalov et al., 2022), we are interested in medium-term
forecasting models that are particularly valuable for public health planning, as they allow
for more strategic decisions regarding resource distribution and containment measures.

In the COVID-19 literature, the medium-term horizon is typically defined as four
weeks or more (Manley et al., 2024; Drews et al., 2022; Bhatia et al., 2023), sometimes
extending to a few months (Dairi et al., 2021; Hasan et al., 2022). Forecasting accurately over
this period is particularly challenging due to the pandemic dynamic nature, where different
factors can cause sudden shifts in the time series (Drews et al., 2022; Bhatia et al., 2023).

In this chapter, we conducted a retrospective analysis of COVID-19 mortality
models for medium-term forecasting across the 41 largest Brazilian municipalities. Our
focus was on examining the accuracy of these models over an extended horizon of 84 days,
covering nine distinct forecasting windows within a period of nearly 25 months (from April
26, 2020, to May 24, 2022). This timeframe captures various pandemic phases, allowing us
to assess model performance under different epidemiological conditions.

We demonstrate the capability of our compartmental model with fuzzy transitions
between epidemic periods, introduced in Chapter 5, to provide COVID-19 death forecasts.
Additionally, we proposed hybrid models based on our compartmental model. Furthermore,
we evaluated the performance of data-driven and ensemble models, comprehensively
comparing different forecasting approaches.
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6.1 Methodology

6.1.1 Data

This study utilized daily COVID-19 death data from Brazilian municipalities,
extracted from the Mortality Information System (SIM) (DATASUS, 2022b). The data
collection covered the period from the early stages of the pandemic in 2020 until May 21,
2022. We concentrated our analysis on a sample of the 41 largest Brazilian municipalities
with populations exceeding 500,000, as detailed in Section 3.2.1.4.

For tracking cases in cities, we accessed data from the Monitoring Panel (DATA-
SUS, 2020a) and the SARS database (DATASUS, 2022a), both detailed in Section 3.1.1.

6.1.2 Forecasting horizon and analysis windows

In this study, we consider a horizon of 84 days. We assessed nine windows, each
covering one horizon, with maximum fitting dates as follows: (i) April 25, 2020, (ii) July 18,
2020, (iii) October 10, 2020, (iv) January 2, 2021, (v) March 27, 2021, (vi) June 19, 2021,
(vii) September 11, 2021, (viii) December 4, 2021, and (ix) February 26, 2022. Figure 30
highlights these analysis moments across our target variable, the COVID-19 death rate.
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Figure 30 – COVID-19 death rate per 100,000 inhabitants in a 7-day rolling average for
the 41 largest Brazilian municipalities. The dotted vertical lines indicate the
forecast dates for the analysis windows, with each 84-day window labeled as
Wi where i ranges from the first window (W1) to the ninth window (W9).

Source: Mortality Information System (SIM) (DATASUS, 2022b).

6.1.3 Forecasting models

We employed five models to predict the rate of new COVID-19 deaths per 100,000
population on a 7-day moving average for the municipalities in our dataset. We fine-tuned
each model for each forecast window. In this section, we present each model.
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6.1.3.1 Fuzzy SIRDS model

We employed the Fuzzy Susceptible-Infected-Recovered-Deceased-Susceptible
(SIRDS) model, introduced in Chapter 5, to forecast COVID-19 deaths across municipal-
ities in multiple windows. While Chapter 5 focused on using this mathematical model
to estimate time-varying epidemiological parameters for national-level data, this chapter
examines the model forecasting performance at the municipal level.

Since our model uses epidemic periods to guide its input parameters, we utilized
the outbreaks identified for the 41 largest Brazilian municipalities, as detailed in Section
3.2.3. We followed the procedures outlined in Section 5.1.2.3 to optimize our municipal
dataset. The only exception was the maximum bound for the parameter that denotes the
initial number of infected individuals (I(0)), which we refined, setting it to the case rate
per 100,000 inhabitants until the 56th day in the first outbreak. For each municipality
in our sample and each forecasting window, we performed 20 simulations, assuming an
infectious period of eight days (γ = 1/8). Figure 31 illustrates the delimitation of data
used to fit the model for São Paulo city in each analysis window. We employed the same
approach for all other municipalities in our dataset.
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Figure 31 – Death data for fitting and evaluating the Fuzzy SIRDS model across nine
84-day forecast windows (a–i: W1–W9). Charts show COVID-19 death rates
per 100,000 inhabitants (7-day rolling average) for São Paulo, with vertical
lines marking observed and test data boundaries. Source: DATASUS (2022b).
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6.1.3.2 LSTM model

We employed an univariate Long Short-Term Memory (LSTM) neural network
model. We trained this model with global data, using data from all municipalities to train
the model and then making forecasts individually for each municipality. The forecasting
horizon was 84 days; however, for the first three forecasting windows, we used 28 days due to
data limitations in the early pandemic. For the model input, we used an interval lagged by 84
days, but for the first three windows, we used intervals lagged by 7, 14, and 21 days, respec-
tively, again due to early pandemic data limitations. We tuned the model for each forecasting
window, using one forecasting horizon as validation data. Figure 32 illustrates this process.
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Figure 32 – Death data for training and evaluating the LSTM model across nine forecast
windows (W1–W9). Panels (a–i) show COVID-19 death rates per 100,000
inhabitants (7-day rolling average) for São Paulo. Forecast windows are 84
days, except W1–W3 (28 days). Testing and validation sequences match the
forecast window size. The model was trained for each window using data from
all other municipalities in the dataset. Source: DATASUS (2022b).

Additionally, we randomly defined configurations with one to three hidden layers,
32 to 128 neurons per hidden layer, dropout layers with rates of 0.1 to 0.5, and the
activation function of the output layer as either ReLU or sigmoid. We conducted 64 trials
for each analysis moment. We trained with 128 epochs, using a patience of ten epochs. So,
we selected the 20 best models per analysis moment to provide confidence intervals for our
results. Last, we refitted the selected models, integrating the validation and training data.
We executed this pipeline using TensorFlow and Keras in Python.



Chapter 6. MODELS FOR MEDIUM-TERM FORECASTING COVID-19 MORTALITY IN LARGE
BRAZILIAN MUNICIPALITIES 98

6.1.3.3 Hybrid LSTM model

Our Hybrid LSTM model integrates the outputs of the Fuzzy SIRDS model
as inputs for a multivariate LSTM model. Specifically, the compartmental time series
(Susceptible (S), Infected (I), Recovered (R), and Deceased (D)) were used as features for
the model. In addition, the rate of new COVID-19 deaths per 100,000 inhabitants in a
7-day rolling average was also a feature of this model. The pipeline for training this model
followed the same approach outlined for the univariate LSTM model in Section 6.1.3.2.
Figure 33 illustrates the structure of the Hybrid LSTM model.

LSTM

St-L ... St-1 St

It-L ... It-1 It

Rt-L ... Rt-1 Rt

Dt-L ... Dt-1 Dt

Mt-L ... Mt-1 Mt

yt+1 yt+2 ... yt+H

Figure 33 – Structure of the Hybrid LSTM model, highlighting the input and output
windows. The input features include the outputs of the Fuzzy SIRDS model:
Susceptible (S), Infected (I), Recovered (R), and Deceased (D). Additionally,
the rate of new COVID-19 deaths per 100,000 inhabitants in a 7-day rolling
average, denoted by M , is incorporated as an input feature. Each input feature
is a time series of L samples, representing days lagged from time t. The output,
yt+h, represents the predicted death rate for a municipality over the subsequent
H days in the forecast horizon.

Source: Mortality Information System (SIM) (DATASUS, 2022b).

6.1.3.4 Hybrid SIRDS model

The Hybrid SIRDS model customizes the Fuzzy SIRDS model by adjusting the
IFR and R0 parameters for the forecast period based on the LSTM model output. We
defined the adjusted IFR (IFR′) using the deaths estimated by the LSTM model in the
first forecasting week and the mean infected population estimated by the Fuzzy SIRDS
model in the last week before the forecasting period. So, (6.1) defines IFR′:

IFR′ =
7
∑7

i=1 ŷt+i∑6
i=0 Ît−i

, (6.1)
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where ŷ is the estimated death rate by the LSTM model, Î is the compartment of infected
individuals estimated by the Fuzzy SIRDS model, and t is the maximum date to fit the
model in an analysis window.

To estimate the adjusted R0 (R′
0), we first estimated the effective reproduction

number (R̂t) using the death time series from the LSTM model. We then used the R̂t

mean in the first forecasting week and the susceptible (Ŝ) population average estimated
by the Fuzzy SIRDS model in the last week before the forecasting period to estimate:

R′
0 =

7∑
i=1

(R̂t)t+i
N∑6

i=0 Ŝt−i

, (6.2)

where N is the total population. We combined pairs of models from the Fuzzy SIRDS
model and the LSTM model, ultimately producing 20 Hybrid SIRDS models.

6.1.3.5 Ensemble model

We developed an Ensemble model by averaging the predictions of four base models:
Fuzzy SIRDS, LSTM, Hybrid LSTM, and Hybrid SIRDS. We conducted 20 simulations for
each base model, municipality, and analysis window to ensure robust results. To produce
CI for our ensemble estimation, we calculated the COVID-19 death rate predictions by:

ŷEnsemble
w,m,s,t =

ŷFuzzy SIRDS
w,m,s,t + ŷLSTM

w,m,s,t + ŷHybrid LSTM
w,m,s,t + ŷHybrid SIRDS

w,m,s,t

4
, (6.3)

where ŷ is the estimation by a model for day t in window w, city m, and simulation s.

6.1.4 Evaluation of model performances

We performed 20 forecasting simulations per municipality for each model in every
window to generate a 95% Confidence Intervals (CI). We considered the average time
series forecasted in our analysis to compare the performance of the models.

We evaluate the forecast accuracy using the Root Mean Squared Error (RMSE).
For a relative evaluation, we used the Symmetric Mean Absolute Percentage Error (SMAPE)
as an alternative to the Mean Absolute Percentage Error (MAPE). Since our target is the
COVID-19 death rate, which often includes values close to zero, SMAPE can provide a
more balanced evaluation than MAPE. The RMSE and SMAPE are defined as follows:

RMSE =

√√√√ 1

n

n∑
i=1

(yi − ŷi)2, (6.4)
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SMAPE =
1

n

n∑
i=1

|ŷi − yi|
|ŷi|+|yi|

2

× 100, (6.5)

where n is the number of days in the analyzed period, yi represents the actual values, and
ŷi represents the values forecasted by a model.

We evaluated the RMSE and SMAPE across all forecasted days within each
forecasting window and for specific timeframes. These included short-term periods (the first
week, first two weeks, and first three weeks) and medium-term periods (the first four weeks,
weeks five through eight, and weeks nine through twelve). Furthermore, we identified the
best-performing model for each municipality by selecting the one with the lowest SMAPE.

6.2 Results

Figure 34 illustrates the forecasts provided by our models for the four most
populous Brazilian municipalities: São Paulo/SP, Rio de Janeiro/RJ, Brasília/DF, and
Fortaleza/CE. We provide outcome plots for all municipalities in our dataset on the online
supplementary material: https://github.com/helderseixas/thesis.

To provide an overview of model performance across all municipalities in our
dataset, we created heatmaps that visualize SMAPE metrics for the entire forecasting
window and specific periods: the first four weeks, weeks 5 to 8, and the last four weeks.
Figure 35 presents the performance of the Fuzzy SIRDS model in forecasting COVID-19
deaths across the 41 largest Brazilian municipalities. The results indicate that this model
performed significantly better during the first four weeks than longer-term forecasts. Addi-
tional heatmaps for the other models analyzed in this study are available in Appendix L.

Figure 36 illustrates the magnitude of errors observed for the models, with the
lowest RMSEs occurring in the last two windows and the highest errors reported in
the first window. In contrast, Figure 37 displays the relative errors, showing the lowest
errors in Windows 4 and 5 and the highest in the first and last windows. A consistent
pattern emerges across all models, with errors increasing over time within each window,
i.e., shorter-term predictions generally exhibit lower errors than longer-term predictions.
Furthermore, all models demonstrate performance within similar error ranges. Notably, the
LSTM model frequently achieves a lower median error than other models from Window 4
to Window 8. However, in the last window, the LSTM model performed the worst, whereas
the Fuzzy SIRDS model delivered the best performance.

https://github.com/helderseixas/thesis
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Figure 34 – COVID-19 death rate forecasts per 100,000 inhabitants across nine forecasting
windows for the (a) São Paulo/SP, (b) Rio de Janeiro/RJ, (c) Brasília/DF, and
(d) Fortaleza/CE municipalities. The black line represents the observed death
rate displayed as a 7-day rolling average, while the colored lines illustrate the
predictions from the various models. Shaded areas indicate the 95% Confidence
Intervals (CI). The dotted vertical lines indicate the forecast dates for the
analysis windows, with each 84-day window labeled as Wi where i ranges
from the first window (W1) to the ninth window (W9).

Figure 37 shows that the models present median SMAPE lower than 50% for the
first four weeks from the second to the seventh window, highlighting the period from Win-
dow 4 to 6 when the models in its majority reported SMAPE third quartile lower than 50%.
The relative error is significantly reduced for short-term forecasting, as shown in Figure 38.

Figure 39 illustrates the frequency that each model achieved the lowest SMAPE
for a municipality across the nine forecasting windows. We observe a notable variation in
the models that best predicted the COVID-19 death rate over time. The Fuzzy SIRDS
model was the best predictor for several municipalities during the first three windows, the
Window 7 and the final window. On the other hand, between the fourth and sixth windows,
the LSTM model provided the most accurate predictions for the higher proportion of
municipalities. The Hybrid SIRDS also stood out, delivering the best forecasts in Windows
3, 7, and 8. The Hybrid LSTM and Ensemble models also achieved the best predictions
for many municipalities at various moments.
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Figure 35 – Heatmaps illustrating the Symmetric Mean Absolute Percentage Error
(SMAPE) for COVID-19 death forecasts across the 41 largest Brazilian munic-
ipalities, based on the Fuzzy SIRDS model predictions over nine forecasting
windows. The x-axis represents the forecast windows, with each 84-day window
labeled as Wi where i ranges from the first window (W1) to the ninth window
(W9). SMAPE values are shown for (a) the entire forecast period, (b) the first
four weeks, (c) weeks five to eight, and (d) weeks nine to twelve.
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Figure 36 – Boxplots illustrating the Root Mean Squared Error (RMSE) for the COVID-19
death forecasting models across the 41 largest Brazilian municipalities in the
medium term: the entire twelve-week forecast period, as well as for the first
four weeks, weeks five to eight, and weeks nine to twelve. Each chart plots
this metric across nine forecasting windows, ranging from (a) the first window
(predicted on April 25, 2020) to (i) the final window (predicted on February
26, 2022). Each boxplot represents the interquartile range (IQR), with the box
spanning the first and third quartiles and the median indicated by a horizontal
line within the box. Whiskers and outliers are omitted for clarity.
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Figure 37 – Boxplots illustrating the Symmetric Mean Absolute Percentage Error (SMAPE)
for the COVID-19 death forecasting models across the 41 largest Brazilian
municipalities in the medium term: the entire twelve-week forecast period, as
well as for the first four weeks, weeks five to eight, and weeks nine to twelve.
Each chart plots this metric across nine forecasting windows, ranging from
(a) the first window (predicted on April 25, 2020) to (i) the final window
(predicted on February 26, 2022). Each boxplot represents the interquartile
range (IQR), with the box spanning the first and third quartiles and the
median indicated by a horizontal line within the box. The whiskers extend to
the minimum and maximum values within 1.5 times the IQR, and individual
points represent the outliers.
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Figure 38 – Boxplots illustrating the Symmetric Mean Absolute Percentage Error (SMAPE)
for the COVID-19 death forecasting models across the 41 largest Brazilian
municipalities in the short term: the first week, the two first weeks, and three
first weeks. Each chart plots this metric across nine forecasting windows,
ranging from (a) the first window (predicted on April 25, 2020) to (i) the
final window (predicted on February 26, 2022). Each boxplot represents the
interquartile range (IQR), with the box spanning the first and third quartiles
and the median indicated by a horizontal line within the box. The whiskers
extend to the minimum and maximum values within 1.5 times the IQR, and
individual points represent the outliers.
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Figure 39 – Bar plots illustrating the number of times each COVID-19 death forecast model
achieved the lowest Symmetric Mean Absolute Percentage Error (SMAPE) for
a municipality across nine forecasting windows, corresponding to the forecast
dates: ranging from (a) the first window (predicted on April 25, 2020) to
(i) the final window (predicted on February 26, 2022). SMAPE values were
calculated for the 41 largest Brazilian municipalities over the entire forecast
period (twelve weeks), as well as for the first four weeks, weeks five to eight,
and weeks nine to twelve.
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6.3 Discussion

In this study, we empirically evaluated various models for medium-term forecasting
of COVID-19 deaths, defined as a forecasting horizon of 84 days (12 weeks). Our analysis
focused on the 41 largest Brazilian municipalities across nine distinct forecasting windows,
starting from April 26, 2020, shortly after Brazil reported its first case in late February
2020 (DATASUS, 2020a), and continuing through May 24, 2022. Our contribution lies in
providing empirical insights into the effectiveness of different models for medium-term
COVID-19 death forecasting, which is crucial for epidemiological surveillance, as it enables
public health authorities to anticipate and respond proactively to emerging trends.

Our findings indicate no dominant or infallible model for medium-term COVID-
19 death forecasting. The performance of the models varied across different forecasting
windows and for different municipal time series.

Forecasting COVID-19 deaths in the medium term, particularly at the onset
of an epidemic, poses significant challenges for all model types, whether data-driven or
compartmental. As expected, Figure 37a shows that the LSTM model, lacking sufficient
data, failed to provide accurate forecasts during the first forecasting window. The Fuzzy
SIRDS model only offered reasonable forecasts for the first four weeks. Therefore, during
the early stages of an epidemic, compartmental models serve as useful tools for providing
reasonable forecasts for up to four weeks. These findings align with the literature, which
highlights the strength of compartmental models in simulating the spread dynamics of
infectious diseases and the limitations of data-driven models that require substantial
retrospective data (Rahimi et al., 2021; Shankar et al., 2021).

The Fuzzy SIRDS and LSTM models showed improved forecasting accuracy as
more data became available, as illustrated in Figure 37. However, the SMAPE values
indicate a decline in accuracy during the last three windows. We attribute this decline to
the metric sensitivity to values near zero, which were reported by many municipalities
during that period, resulting in inflated relative errors. Notably, the RMSE values were
comparatively low for these same windows, reflecting a minor absolute error. On the other
hand, the error magnitude increased when municipalities reported higher death rates,
as observed in Windows 1, 4, and 5. These observations emphasize the importance of a
nuanced and comprehensive analysis when interpreting model performance metrics.

We observed that the LSTM model slightly outperformed the Fuzzy SIRDS model
from Window 4 to Window 8. However, the performance of the LSTM model declined in
the last window (Window 9). Forecasting during Window 9 posed challenges for the LSTM
model due to an unseen pattern in the training data. Specifically, the input time series (Win-
dow 8) presented initially stable trends followed by two shifts, first a positive trend and then
a negative one, reflecting the onset of the Omicron wave in Brazil. In contrast, the time series
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in the forecast window (Window 9) exhibited a decreasing death rate at the start, followed
by an extended flat period, as illustrated in Figure 30. Despite leveraging two years of train-
ing data, such patterns were infrequent, complicating the data-driven model predictions.

Window 9 highlights the robustness of compartmental models in capturing epi-
demic dynamics. The Fuzzy SIRDS model showed this strength by frequently providing
reliable predictions during this period, resulting in reduced RMSE values (Figure 36).
While the LSTM model performed slightly better during periods where the training data
allowed fine-tuned fitting, the Fuzzy SIRDS model demonstrated to be a more stable
predictor in scenarios marked by heightened uncertainty.

The extended models (Hybrid LSTM, Hybrid SIRDS, and Ensemble) significantly
contributed to forecasting COVID-19 death rates in the municipalities. These models
frequently emerged as the best predictors for a considerable proportion of municipalities
across the analysis windows, as illustrated in Figure 39. However, their performance
depends heavily on the accuracy of the base models. This dependency was evident in
Window 9, where the LSTM model failed to provide reliable forecasts. Consequently, the
performance of the extended models was also affected, leading to a reduced proportion of
municipalities for which they provided the best predictions (Figure 39i).

So, we recommend that epidemiological surveillance teams and policymakers
account for the diversity of model types to gain a more comprehensive understanding of
epidemic trends. Accurate COVID-19 forecasting beyond four weeks is challenging, mainly
due to abrupt trend changes within forecast windows, such as the abrupt shift observed
at the end of Window 4 (Figure 30), which led to higher error magnitudes (Figure 36d).
Despite the increased uncertainty in medium-term predictions, our presented models have
demonstrated valuable tools for monitoring pandemics over a long period.

6.3.1 Related work

Various studies have proposed models to forecast COVID-19 data in the medium
term. These studies tested with different forecast horizons, ranging from 28 days (de Araújo
Morais and da Silva Gomes, 2022; Liao et al., 2021), 30 days (Farooq and Bazaz, 2021), and
31 days (Barnard et al., 2022), to five weeks (Wang et al., 2022), nine weeks (Al-Rashedi
and Al-Hagery, 2023; Babashova, 2022), ten weeks (Ramazi et al., 2021; Congdon, 2021),
12 weeks (Appadu et al., 2021), and 13 weeks (Dairi et al., 2021; Samrin et al., 2022; Hasan
et al., 2022). These works explored various types of models, including compartmental models
(Farooq and Bazaz, 2021; Wang et al., 2022; Barnard et al., 2022; Liao et al., 2021), determin-
istic models (Appadu et al., 2021; Babashova, 2022), statistical models (Samrin et al., 2022;
Hasan et al., 2022; Al-Rashedi and Al-Hagery, 2023; de Araújo Morais and da Silva Gomes,
2022; Congdon, 2021), machine learning models (Farooq and Bazaz, 2021; Ramazi et al.,
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2021; Dairi et al., 2021; Al-Rashedi and Al-Hagery, 2023; de Araújo Morais and da Silva
Gomes, 2022; Wang et al., 2022; Liao et al., 2021), and hybrid models (Farooq and Bazaz,
2021; de Araújo Morais and da Silva Gomes, 2022; Wang et al., 2022; Liao et al., 2021).

While some studies focused on forecasts for a single country (Ramazi et al., 2021;
Samrin et al., 2022; Al-Rashedi and Al-Hagery, 2023; Wang et al., 2022; Congdon, 2021;
Barnard et al., 2022), others extended their analysis to a small set of countries (Dairi
et al., 2021; Appadu et al., 2021; Hasan et al., 2022; Babashova, 2022; Liao et al., 2021) or
regions (Farooq and Bazaz, 2021). Notably, none of these studies conducted medium-term
forecasts for more than ten locations. Although these studies produced significant findings,
they often lacked a comprehensive and robust approach to assess their forecasting. Some
conducted only future forecasts (Samrin et al., 2022; Hasan et al., 2022; Congdon, 2021;
Barnard et al., 2022), while others only assessed predictions for a single moment in the
pandemic (Farooq and Bazaz, 2021; Ramazi et al., 2021; Dairi et al., 2021; Appadu et al.,
2021; de Araújo Morais and da Silva Gomes, 2022; Wang et al., 2022; Babashova, 2022;
Liao et al., 2021). Additionally, these studies analyzed a limited number of locations.

On the other hand, four comprehensive studies have conducted retrospective
analyses of medium-term COVID-19 forecasts (Adiga et al., 2021; Manley et al., 2024;
Drews et al., 2022; Bhatia et al., 2023). These studies primarily employed ensemble models,
with a forecasting horizon of 28 days (Adiga et al., 2021; Manley et al., 2024; Bhatia et al.,
2023), except for one that extended to a 60-day horizon (Drews et al., 2022). These models
were used to forecast COVID-19 confirmed cases (Adiga et al., 2021; Drews et al., 2022),
deaths (Manley et al., 2024; Bhatia et al., 2023), hospital admissions (Manley et al., 2024),
and hospital bed occupancy (Manley et al., 2024). The least comprehensive study focused
only on national data from England (Manley et al., 2024), while others expanded their scope
to include data from ten countries (Drews et al., 2022), with the most extensive analyses
covering 81 countries (Bhatia et al., 2023) and the U.S. counties (Adiga et al., 2021).

Adiga et al. (2021) compared several models, including ARIMA, LSTM, com-
partmental, and Kalman filter models, alongside an ensemble model. Adiga et al. (2021)
conducted weekly forecasts over nearly six months, from August 2020 to January 2021. The
study found that the ensemble model was more stable than the base models, though the
authors stressed the importance of the base methods. They observed that different models
contributed significantly to forecasting accuracy depending on the spatial region and period.

Manley et al. (2024) evaluated four compartmental models, two data-driven mod-
els, one agent-based model, and an ensemble model that integrated these approaches.
Forecasting spanned nearly 14 months, from November 2021 to December 2022. The study
concluded that the ensemble model enhanced robustness and reduced biases associated with
single-model predictions. It performed exceptionally well during exponential growth or de-
cline in the epidemic, although its accuracy diminished around epidemic peaks and valleys.
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Drews et al. (2022) utilized a compartmental model and a Holt-Winters statistical
model, along with an ensemble model combining these techniques. Drews et al. (2022)
conduct forecasts across five windows over nearly seven months, from May to November
2020. The study found that forecasts were most accurate when the epidemic did not
change abruptly and noted that the ensemble model consistently outperformed base
models. However, they observed that reliable forecasts were generally limited to short-term
horizons of a few weeks, with substantial variation across locations and periods.

Bhatia et al. (2023) employed an ensemble model combining three statistical
models, conducting 39 analyses over nearly nine months, from March to November 2020.
The study found that simple statistical models could reliably capture epidemic trajectories
in multiple countries for up to four weeks when fitted to routine disease surveillance data.
However, forecasting accuracy declined significantly beyond this time horizon, emphasizing
the challenges of medium-term predictions.

The findings presented in this chapter align closely with these state-of-the-art
medium-term retrospective forecast studies (Adiga et al., 2021; Manley et al., 2024; Drews
et al., 2022; Bhatia et al., 2023). We also observed that different model types contribute
to more careful epidemiological surveillance, showing variation in performance across
different moments and municipalities. Moreover, forecasting COVID-19 beyond four weeks
remains highly challenging. Our study introduces novel contributions to the literature on
medium-term retrospective forecasting of COVID-19. We conducted forecasts over a more
extended period of nearly 25 months (from April 26, 2020, to May 24, 2022), covering
various pandemic phases. Additionally, we are the first to medium-term forecasts for the
municipal-level data in the Brazilian context.

6.3.2 Limitations

The primary limitations of this chapter derive from the computational demands
associated with fitting both the LSTM and Fuzzy SIRDS models to long-time series data.
In particular, the LSTM model requires substantial computational resources to fine-tune its
parameters, mainly when deeper architectures are employed to enhance accuracy. Similarly,
the complexity of the Fuzzy SIRDS model increases with the length of the time series, as
the number of parameters to be optimized grows with the number of outbreaks recorded.

These computational challenges limit our capacity to apply these models to larger
datasets and more refined versions of the models, which could produce more accurate
forecasts. Despite these constraints, we conducted 20 simulations for each model, window,
and municipality to account for uncertainty in our predictions. Increased computational
power would enable more extensive analyses and enhance the robustness of the models.



Chapter 6. MODELS FOR MEDIUM-TERM FORECASTING COVID-19 MORTALITY IN LARGE
BRAZILIAN MUNICIPALITIES 109

Another limitation is that the data used in this chapter is suitable only for
retrospective forecasting, as COVID-19 death records from SIM (DATASUS, 2022b) are
consolidated annually. For nowcasting, the only available dataset is the Monitoring Panel
(DATASUS, 2020a), which suffers from reporting delays by health authorities. Consequently,
applying the models in this chapter for nowcasting would likely reduce accuracy due to
data quality issues.

Although we recommend that epidemiological surveillance professionals consider
the diversity of forecast model types to support their decision-making, this thesis does not
provide a clear guideline for identifying the most reliable forecast when models produce
divergent predictions. Further efforts are needed to develop more practical tools that can
assist professionals in evaluating and selecting among different model outputs.



110

7 ANALYZING THE COVID-19 PARAMETERS FOR LARGE BRAZILIAN
MUNICIPALITIES

In this chapter, we delve into the dynamics of COVID-19 across the initial three
years (2020-2022), focusing on the 41 largest cities in Brazil. Leveraging a mathematical
model with fuzzy transitions between epidemic periods as shown in Chapter 5, we estimate
time-varying parameters such as the basic reproduction number (R0) and the Infection
Fatality Rate (IFR). Via an ample analysis, we correlate these model outputs with data
about social isolation measures, vaccination indices, and the emergence of new variants. We
aim to offer insights into the factors that influenced the pandemic at the municipal level.

Different studies utilized models to forecast the first COVID-19 wave in the Brazil-
ian context (Bastos and Cajueiro, 2020; Melo et al., 2020; Oliveira et al., 2021). Notably, a
work analyzed epidemiological parameters across 29 inner municipalities during the initial
wave, emphasizing potential differences in control effectiveness across regions (Almeida et al.,
2021). Other work examined the impact of mobility on the variation ofR0 in Brazil and other
countries (Nouvellet et al., 2021). Ferrante et al. (2022) correlated epidemiological param-
eters with various factors to elucidate the dynamics of the first two waves in the Brazilian
city of Manaus/AM. We explored in Chapter 5 the variation of epidemic parameters across
time using national data from Brazil. In this chapter, we extend the Chapter 5 exploring the
dynamic of epidemiological parameters over time for the 41 largest municipalities in Brazil.

We note a need for more work that conducts comprehensive pandemic analysis
across a more significant period at the municipal level. So, our study contributes by
analyzing the pandemic in larger Brazilian cities across three years. Our study provides an
understanding of the factors shaping the pandemic via the correlation of the model outcomes
with data on social isolation, vaccination indices, and the emergence of variants. We also
examine the cities exhibiting outlier death rates (Cuiabá/MT, Rio de Janeiro/RJ, and Goiâ-
nia/GO), contrasted with bottom outliers (Feira de Santana/BA, São Luís/MA, and Flori-
anópolis/SC), which illuminates the diverse drivers behind divergent pandemic outcomes.

We organized the remainder of this chapter as follows: Section 7.1 outlines the
methodology, while Section 7.2 presents the results and discussion. The findings discussed
in this chapter were also presented at the XXIV Simpósio Brasileiro de Computação
Aplicada à Saúde (SBCAS 2024) (Lima and Guimarães, 2024).
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7.1 Methodology

7.1.1 Data

In this chapter, we utilized the same dataset of daily COVID-19 cases and deaths for
the 41 largest Brazilian municipalities as presented in Chapter 6. However, for this analysis,
we extended the study period from the early pandemic stages in 2020 to December 31, 2022.

Additionally, we examined our results with correlated data on human mobility,
vaccination, and COVID-19 variants. To monitor human mobility in Brazilian municipal-
ities, we utilized data from the COVID-19 Community Mobility Report (Google, 2020)
produced by Google. We used vaccination data for Brazilian municipalities from the Brazil-
ian Health Ministry (Brasil, 2022). Additionally, state-level data on COVID-19 genomic
surveillance in Brazil, reported monthly by the Fundação Oswaldo Cruz (Fiocruz, 2020),
were incorporated. Chapter 3 provides a detailed presentation of data used in this chapter.

7.1.2 Simulations

In this chapter, we utilized our mathematical model proposed in Chapter 5 to
simulate the progression of the COVID-19 pandemic in Brazilian municipalities during
the early stages of the pandemic through December 31, 2022. Following the processes
described in Section 6.1.3.1, we fitted the model parameters to the municipal data. We
conducted 25 simulations for each municipality in our sample.

7.1.3 Data analysis

This section outlines the methods employed for analyzing the obtained results.
Initially, we evaluated the performance of our model using data from our municipality
sample. This assessment relied on two key metrics: the Mean Squared Error (MSE) (5.5)
and the coefficient of determination (R2) (5.6).

For each city, we conducted a cross-correlation analysis (Shumway et al., 2000) be-
tween stay-at-home index (∆H) and R0. The cross-correlation coefficient Ck(x, y), given by
(7.1), was computed, where xt and yt are the series, and k is the lag (Shumway et al., 2000).

Ck(x, y) =

∑
(xt+k − x̄)(yt − ȳ)√∑
(xt − x̄)2

√∑
(yt − ȳ)2

. (7.1)

To establish the significance limits for cross-correlation, we introduced adjusted
factors to mitigate spurious correlations resulting from autocorrelated time series, as
suggested by Dean and Dunsmuir (2016). We calculated the weighted cross-correlation
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significance limits using (7.2), where a and b denote the autocorrelation coefficients at lag
1 for xt and yt , respectively.

±1.96√
n

√
1 + ab

1− ab
. (7.2)

Before the cross-correlation analysis, we conducted stationarity transformations
for the time series ∆H and R0 of the municipalities. We applied a 7-day differencing to
generate a new time series denoted as ∆

′
H and R

′
0. Additionally, ∆′

H was prewhitened
using an ARIMA model of order (28, 0, 7), yielding ∆

′′
H .

We assessed the stationarity of the transformed series using the Augmented Dickey
Fuller (ADF) test (Dickey and Fuller, 1979). We also applied the Ljung–Box test (Ljung and
Box, 1978) at lag one that showed that despite prewhitening, ∆′′

H remained non-white noise.

Subsequently, for each municipality and specific year, we computed cross-correlation
analyses Ck(∆

′′
H , R0). Only significant Ck(x, y) values were considered. The xcorr method

from the Python library matplotlib.pyplot was utilized for estimating sample cross-
correlation coefficients, while the ADF test and Ljung–Box test were performed using the
Python library statsmodels.

Lastly, we explored the relationship between virus variants and R0 and the
percentage of vaccinated individuals and IFR. We present these analyses in Section 7.2,
which presents our findings and discusses observations regarding outlier municipalities.

7.2 Results and discussion

Table 11 shows that the model closely matches the observed data about mortality
in larger Brazilian municipalities. On the other hand, the R2 assessed for Rt indicates that
the model captures moderately the variance of the actual observations.

Table 11 – Results of the COVID-19 simulations for the 41 largest Brazilian municipalities.

Error MSE R2

Rt New death rate Rt New death rate
0.278 (0.255-0.320) 0.018 (0.014-0.023) 0.014 (0.010-0.019) 0.600 (0.430-0.678) 0.942 (0.912-0.966)

Note: values are presented as the median with the first and third quartiles in parentheses.
Error: the objective function error, as defined by (5.3). MSE: Mean Squared Error. R2: coefficient of
determination. Rt: effective reproduction number. New death rate: per 100,000 inhabitants.

While the model may not precisely capture the variability of Rt, the overall
outcomes suggest that it effectively captures the trend of the original data. As an illustration,
Figure 40 depicts the simulation results for Cuiabá/MT, the city with the highest death
rate in our sample. The median R2 for Rt in Cuiabá/MT is 0.55, but still, Figure 40
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indicates a reasonable reproduction of the pandemic dynamics. We produced outcome
plots for all municipalities in our sample and have them available in the supplementary
material of our published paper1 (Lima and Guimarães, 2024).
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Figure 40 – Comprehensive analysis of simulation results for Cuiabá/MT, the municipality
with the highest COVID-19 mortality in our sample. (a) Model outcomes for an
eight-day recovery period detailing the population compartments: Susceptible,
Infected, Recovered, and Deceased. (b) Time series comparison between the
effective reproduction number (Rt) estimated directly from reported Severe
Acute Respiratory Syndrome (SARS) cases and Rt calculated by model sim-
ulations. (c) Time series comparison between new cases reported by health
authorities and new infections in model simulations. (d) Time series com-
parison between new deaths reported by health authorities and new deaths
in model simulations. (e) Time series comparison between cumulative cases
reported by health authorities and cumulative infections in model simulations.
(f) Time series comparison between cumulative deaths reported by health
authorities and cumulative deaths in model simulations. Shaded regions depict
the 95% Confidence Interval (CI).

Figure 41 shows the time-varying estimates of R0, IFR, and days to loss of im-
munity (Ω) for the municipalities in our sample. In particular, Ω exhibits the highest
uncertainty, aligning with the findings observed in Chapter 5, which reported a low sensi-
1 Supplementary material of Lima and Guimarães (2024): https://github.com/helderseixas/

covid-brazilian-municipalities.

https://github.com/helderseixas/covid-brazilian-municipalities
https://github.com/helderseixas/covid-brazilian-municipalities
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tivity for this parameter. We note a trend in cities to reduce R0 to near the baseline value
of 1 during the early stages of the pandemic. However, this trend reverses after mid-2020,
with the model estimating an increase in R0, which persists until 2021. 2022 is marked
by an increase in uncertainty in R0 estimates. Regarding IFR, we note that the highest
confusion was in the early stages of the pandemic. In 2021, the model suggests a declining
trend in IFR. Notably, the model estimates significantly lower IFR for municipalities in
2022 compared to the preceding years.
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Figure 41 – Model parameters varying by time (t) estimated for COVID-19 in the 41
largest Brazilian municipalities from 2020 to 2022. (a) Basic reproduction
number (R0), with a dotted horizontal line representing the reference value
(R0 = 1). (b) Infection Fatality Rate (IFR). (c) Days to loss of immunity (Ω).
The plot highlights cities with notable deviations from the average mortality
rate, categorized as top outliers (Cuiabá/MT, Rio de Janeiro/RJ, and
Goiânia/GO) and bottom outliers (Feira de Santana/BA, São Luís/MA, and
Florianópolis/SC). Shaded regions depict the 95% Confidence Interval (CI).

Our analysis delved into the cross-correlation between the time series of ∆H and
the time-varying R0 for municipalities in our sample, as depicted in Figure 42. Across the
years, distinct patterns emerged: in 2020, we observed two distinct groups of municipalities
where ∆H inversely led to R0, which we noted eight municipalities with a lag of around
seven days and six municipalities with a lag of around 28 days. Regarding 2021, we note
that ∆H is lagged by R0 for 13 municipalities, in which 75% of the correlations were with
the lag between one day and seven days. However, in 2022, no notable correlation was
observed. These findings shed light on the effectiveness of social isolation measures over
time: stringent early stages reduced R0, while reactive measures in 2021 failed to replicate
the same impact. The absence of significant correlations in 2022 indicates that social
isolation was no longer the primary measure to combat COVID-19 in municipalities since
a large portion of the population was already vaccinated.
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Figure 42 – Scatter plots for the correlation absolute coefficients and lag values resulting
from cross-correlation analysis between ∆

′′
H (stay-at-home index) and COVID-

19 R′
0 (time-varying basic reproductive number) estimated for the 41 largest

Brazilian municipalities in the years (a) 2020, (b) 2021, and (c) 2022. Each
point represents the highest significant correlation coefficient observed for a
municipality in the respective analysis.

We calculated the median R0 for each coronavirus variant during the months in
which it predominated in the states of the 41 largest Brazilian municipalities. As illustrated
in Table 12, the initial dominant variants, categorized as Others, exhibited a median R0

of 1.30. Subsequently, variants such as Gamma and Delta emerged as dominant in 2021,
showcasing anR0 hovering around 2. The Omicron phase marked the period with the highest
median R0, with values exceeding 2.30, except for the BA.4.* subvariant, which reported a
lower R0. These observations underscore the capability of the model to capture the rising
trend of R0 in Brazilian municipalities in response to the emergence of new variants.

Table 13 illustrates a consistent reduction in the IFR as the percentage of the
population fully vaccinated against COVID-19 increases. Our analysis reveals a robust
negative correlation between the proportion of fully vaccinated individuals and IFR, with
a Spearman correlation coefficient of -0.81.
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Table 12 – Basic reproduction number (R0) for each coronavirus variant during months
when it was dominant in states from the 41 largest Brazilian municipalities.

Variant R0

Others 1.30 (1.16 - 1.45)
P.1.* (Gamma) 1.95 (1.62 - 2.41)
B.1.617.2+AY.* (Delta) 1.98 (1.66 - 2.36)
BA.1.* (Omicron) 2.53 (1.81 - 3.22)
BA.2.* (Omicron) 2.94 (1.99 - 3.54)
BA.4.* (Omicron) 1.53 (1.24 - 1.81)
BA.5.* (Omicron) 2.32 (1.69 - 3.66)

Note: values are presented as the median with the first and third quartiles in parentheses.

Table 13 – Infection Fatality Rate (IFR) for different ranges of the fully vaccinated popu-
lation against COVID-19 in the 41 largest Brazilian municipalities.

Population fully vaccinated Infection Fatality Rate (IFR)
0% 0.32% (0.21 - 0.49)
> 0% and ≤ 10% 0.29% (0.23 - 0.37)
> 10% and ≤ 20% 0.23% (0.17 - 0.29)
> 20% and ≤ 30% 0.18% (0.13 - 0.24)
> 30% and ≤ 40% 0.15% (0.11 - 0.21)
> 40% and ≤ 50% 0.13% (0.09 - 0.19)
> 50% and ≤ 60% 0.11% (0.07 - 0.15)
> 60% and ≤ 70% 0.06% (0.04 - 0.10)
> 70% and ≤ 80% 0.04% (0.02 - 0.07)
> 80% 0.03% (0.01 - 0.05)

Note: values are presented as the median with the first and third quartiles in parentheses.

We analyzed the correlations among the epidemic parameters and the usual
interventions against COVID-19, such as social isolation and vaccination. We pay special
attention to outlier cities that exhibited notably elevated mortality rates during the study
period, exemplified by Cuiabá/MT, Rio de Janeiro/RJ, and Goiânia/GO, as well as those
demonstrating reduced mortality rates, such as Feira de Santana/BA, São Luís/MG, and
Florianópolis/SC. Despite our efforts, we did not uncover a definitive explanation for why
top outlier cities experienced 2.5 times more deaths than their bottom outlier counterparts.

If ∆H and vaccination could not clearly explain the pandemic outcome in outlier
cities, we note that epidemiological parameters estimated are much more explicit in
suggesting the differences between outlier groups. Notably, we noted a contrast between
these two groups of cities during the initial two years, with death rates in top outliers being
2.65 times higher than those in bottom outliers. By 2022, however, the death rate in top
outliers had reduced to 65% higher than in bottom outliers. Also, we note that all outliers
reduced R0 during the early stages of 2020, as depicted in Figure 41a. Subsequently, in
early 2021, R0 increased for all outliers; however, we note that after the initial rise in R0,
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the municipalities from the bottom outlier group were able to maintain a stable R0, while
municipalities such as Cuiabá and Rio de Janeiro experienced R0 values exceeding 2.5.
Finally, the model estimated that the IFR for top outlier municipalities was higher than
that observed in bottom outlier municipalities during the initial two years, as illustrated
in Figure 41b. However, by 2022, the model indicated a convergence of the IFR in top
outliers towards the same pattern observed in bottom outliers, suggesting a mitigating
effect of mass vaccination efforts on lethality disparities among cities.

7.2.1 Limitations

We identified twelve cities with vaccination rates exceeding 100% of their popula-
tion due to noise in the database (Brasil, 2022), so, as discussed in Section 3.3.2, we should
analyze these findings cautiously. Also, Google advises caution when using the COVID-19
Community Mobility Report (Google, 2020) for comparisons between locations or periods.
Despite this, we assessed that the data remained reasonably reliable and did not damage
the analysis conducted in this chapter.
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8 CONCLUSIONS

This thesis explores the key factors associated with COVID-19 mortality rates
across Brazilian municipalities during the first three years of the pandemic. We examined
the relationships between demographic, social, economic, and political factors and mortality
through comprehensive analysis. We also examined the impacts of interventions such as
social isolation measures and vaccination efforts and the emergence of new variants. Our
findings provide critical insights into the epidemiological dynamics of COVID-19 in Brazil
and offer recommendations for future health crises. In summary, this study presents
mathematical evidence supporting widely held perceptions of COVID-19 in Brazil.

We demonstrated that Brazilian municipalities effectively mitigated the initial
COVID-19 wave by reducing the time-varying basic reproduction number (R0) through
robust social isolation measures. Cross-correlation analysis showed that early preventive
actions in 2020 played a crucial role in controlling the spread of the virus. However, a shift to
reactive social isolation in 2021, combined with the emergence of Gamma and Delta variants,
correlates with higher R0 values and increased mortality. Notably, the vaccination effort,
beginning in 2021 and consolidating in 2022, is significantly associated with a reduced IFR,
culminating in a convergent reduction in mortality across municipalities. These findings
emphasize the effectiveness of proactive measures in mitigating the impact of the pandemic.

We also demonstrated that municipalities with lower human development ex-
perienced a higher correlation with COVID-19 mortality in the early pandemic stages.
However, we note a significant change in the associations among sociodemographic factors
and mortality across the pandemic. Since 2021, the profile of municipalities more correlated
with increased COVID-19 mortality has been that with better social development, which
are urbanized municipalities. This finding denotes that urbanization plays a significant
and robust role in COVID-19 spreading.

Our insight is that the urban lifestyle contributes to the propagation of the virus
and, consequently, elevated COVID-19 mortality in urbanized places. However, our two
experiments, the regression analysis and epidemic simulations, denote that the factors
impacting the Brazilian municipalities during the COVID-19 pandemic were not static.
We argue that measures such as social isolation and vaccination controlled the impact of
urban lifestyle in the municipalities.
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For instance, our findings show that in the early moment, COVID-19 mortal-
ity correlates to variables that denote population poverty, such as unemployment and
households in informal settlements. At that moment, the coronavirus outbreak mainly
impacted municipalities in the North region, Northeast coast, and metropolitan areas.
Our findings also show that the municipalities administrated the outbreak in the early
pandemic, reducing the R0. This reduction correlates with the preventive social isolation
noted at that moment. So, this measure can have controlled the outbreak in urbanized
municipalities, mitigating the magnitude of deaths in the first wave. Consequently, relevant
risk factors related to poverty can be more pronounced in the early moments.

The year 2021 reported 60% of deaths in Brazil in the study period, denoting
that the pandemic was out of control. We noted disproportional impact in Southeast,
Midwestern, and South, the more urbanized regions. That year, the percentage of urban
population variable consolidated as the most robust sociodemographic factor correlated with
COVID-19 mortality in the Brazilian municipalities. At that moment, the municipalities
left preventive social isolation and employed reactive social isolation. Our findings show that
the municipalities failed to reduce the R0 quickly, which was different from the observed in
the first wave. So, the urban factor was uncontrolled, leading to increased deaths because
the urbanized municipalities represent the highest proportion of the national population.

On the other hand, in 2022, the vaccination collaborated to mitigate the urban
effect of the pandemic. That year, the municipalities already reported a significant pro-
portion of the fully vaccinated population against COVID-19. Additionally, this year had
the Omicron variant as dominant, characterized by low lethality (Beppu et al., 2024; Rana
et al., 2022; Nyberg et al., 2022; Ward et al., 2022; Lorenzo-Redondo et al., 2022). We note
a significant reduction of the Infection Fatality Rate (IFR) at that moment. With the urban
factor controlled, we note that the percentage of the elderly population, a notable risk factor
(Richardson et al., 2020), emerged as the strongest correlation with COVID-19 mortality.

Our study also showed that political preference is associated with COVID-19 mor-
tality, being the percentage of votes for Jair Bolsonaro in the 2022 Presidential Election, the
variable investigated that reported the strongest correlation. Our findings also identified cor-
relations for other sociodemographic attributes: percentage of Indigenous people, percentage
of service workers, and expected years of schooling at age 18. Denoting that an interplay of
factors influences COVID-19 mortality, levering different vulnerabilities for different regions.

The implications of this thesis for health authorities and policymakers is to provide
methods and insights to help analyze and monitor future epidemics. For the COVID-19
pandemic, we found that proactive measures such as social isolation and vaccination are
related to mitigating the factor played by urbanization in the increasing mortality. So, for
epidemics similar to COVID-19, taking measures to account for urbanization vulnerabilities
is essential. Additionally, measures to control vulnerabilities related to poverty in the
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municipalities are significant since our findings show a positive correlation for variables
such as households in informal settlements in the early pandemic. Specific places also
demand increased care, as our findings suggest that municipalities with higher Indigenous
populations correlate with more mortality. Finally, combating misinformation in health
crises also plays an important role since information propagated by political leaders can
influence people to increase their exposure to a virus, aggravating the risk of vulnerable
groups, such as the vulnerability of elderly individuals to COVID-19.

This thesis makes several contributions. First, we highlight the critical importance
of incorporating temporal exposure into regression analyses of COVID-19 mortality,
enabling a more nuanced understanding of the evolving factors driving mortality rates.
Second, we underscore the need for a dynamic, time-sensitive approach to assessing COVID-
19 mortality risk in Brazilian municipalities, reflecting the shifting correlations between
sociodemographic factors and mortality throughout the pandemic.

Additionally, we developed a modified epidemiological model prepared for analyzing
multi-outbreak epidemics, which incorporates fuzzy transitions between epidemic phases
to account for temporal variations. We demonstrated the robustness of the model through
its application to national-level data from Brazil, Spain, the United Kingdom, and the
United States, as well as municipal-level data from the 41 largest Brazilian municipalities.
We validated the model accuracy by comparing its outcomes with serological survey
data (Hallal et al., 2020; Pérez-Gómez et al., 2023; Public Health England, 2020c,a,b;
Walker et al., 2021; Anand et al., 2020), and we demonstrated application of the model
for generating COVID-19 death forecasts for Brazilian municipalities.

In forecast application, we recommend employing a diverse set of models in
epidemiological surveillance to enhance the reliability and comprehensiveness of medium-
term predictions. Our model also contributes to a deeper analysis of the pandemic in Brazil,
shedding light on the potential underreporting of COVID-19 cases in official datasets.
Finally, we analyzed the relationship between the model outcomes and critical factors such
as social isolation, vaccination rates, and the emergence of new variants, offering a holistic
perspective on the drivers shaping the pandemic trajectory.

We hope this thesis contributes to advancing the computational epidemiology field.
We aspire that our findings contribute to a comprehensive understanding of the COVID-19
pandemic in Brazilian municipalities and that our methods can help health authorities
and policymakers improve their decision-making for future epidemics. Furthermore, we
desire this thesis to motivate researchers to produce deeper investigations and methods to
understand the local factors aggravating the impact of epidemics.
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8.1 Limitations

The main limitation of this thesis lies in its dependence on ecological data. So, the
associations and conclusions based on ecological data do not allow causal inferences (Szklo
and Nieto, 2014). Despite this limitation, our findings can provide valuable contributions to
hypothesis formulation and support the development of public policies (Bonita et al., 2006).

8.2 Future work

This thesis opens multiple perspectives for future research. A more detailed
exploration of the urbanization factor can enhance our regression analysis of variables
correlated with COVID-19 mortality. We plan to conduct a higher granularity analysis of
the urban population percentage using census tract-level data to uncover more nuanced
associations. Refined data on population density may reveal stronger correlations.

Another promising work involves adapting our Fuzzy SIRDS model to other dis-
eases, such as dengue, chikungunya, Mpox, and avian influenza. In other work related to
our model, we aim to analyze the optimal objective function for calibrating the model to
COVID-19 data, using as ground truth the serological research data from Brazil, Spain,
the United Kingdom, and the United States. Within this line of work, we also intend to
explore alternative stochastic metaheuristics, such as Cross-Entropy Optimization (CEopt)
and PSO, to improve parameter optimization. Also, we aim to compare our approach
with other methods for smoothing shifts between epidemic periods, including multistep
logistic-like functions, spline-based models, Gaussian processes, and Kalman filters.

For the forecasting application, we propose integrating our epidemiological model
with spatial virus spreading models to enhance predictions for municipalities. Additionally,
a comparison of model performance in both nowcasting and retrospective analysis could pro-
vide valuable insights. Another important direction is the development of a practical tool to
assist epidemiological surveillance professionals in evaluating and selecting among different
model outputs, making model-based decision support more accessible and actionable.

This thesis identifies large municipalities with atypical COVID-19 mortality rates,
categorizing them as top outliers (Cuiabá/MT, Rio de Janeiro/RJ, and Goiânia/GO) and
bottom outliers (Feira de Santana/BA, São Luís/MA, and Florianópolis/SC). While our
analysis primarily attributes these outlier patterns to variations in R0 and IFR, future
studies should conduct a more in-depth investigation into correlated factors, accounting for
population-specific variables in these municipalities to better explain these discrepancies.
One potential strategy could involve adopting an augmented level of granularity, examining
COVID-19 data at the neighborhood level within these cities.
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By following these directions, we aim to deepen the understanding of the local
factors driving epidemic dynamics and refine predictive and explanatory models for public
health applications.

8.3 Publications
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Table 14 – Descriptive statistics of variables for 5,560 Brazilian municipalities, categorized
by COVID-19 mortality, sociodemographic indices, vaccination coverage, and
political attributes.

D
ea

th
s

Variable Mean (SD) Median (Q1, Q3) Source
COVID-19 deaths (2020/1) 13.98 (179.25) 1.00 (0.00, 3.00) (DATASUS, 2022b)
COVID-19 deaths (2020) 38.21 (336.20) 6.00 (2.00, 17.00) (DATASUS, 2022b)
COVID-19 deaths (2021) 76.25 (476.90) 17.00 (7.00, 41.00) (DATASUS, 2022b)
COVID-19 deaths (2022) 11.75 (69.33) 3.00 (1.00, 7.00) (DATASUS, 2022b)
COVID-19 deaths (2020-2022) 126.21 (871.14) 27.00 (12.00, 66.00) (DATASUS, 2022b)

So
ci

od
em

og
ra

ph
ic

% population 0-19 years 27.55 (4.85) 26.88 (24.27, 30.12) (IBGE, 2022)
% population 20-39 years 28.76 (2.96) 28.87 (26.96, 30.57) (IBGE, 2022)
% population 40-59 years 26.28 (2.66) 26.72 (24.88, 28.07) (IBGE, 2022)
% population 60+ years 17.43 (4.59) 17.26 (14.33, 20.27) (IBGE, 2022)
Life expectancy (years) 73.09 (2.68) 73.47 (71.15, 75.16) (PNUD et al., 2013)
% urban population 63.81 (22.04) 64.64 (47.07, 82.16) (IBGE, 2022)
Population density (inhabitants/km²) 116.04 (596.27) 24.27 (11.34, 53.50) (IBGE, 2022)
Average household size 2.84 (0.32) 2.78 (2.65, 2.95) (IBGE, 2022)
% crowded households 25.13 (12.99) 23.07 (15.41, 32.58) (PNUD et al., 2013)
% male population 50.00 (1.58) 49.89 (49.07, 50.77) (IBGE, 2022)
% Indigenous population 1.20 (6.14) 0.07 (0.03, 0.19) (IBGE, 2022)
% black and brown population 56.01 (22.66) 60.79 (37.46, 75.30) (IBGE, 2022)
Per capita income (BRL) 493.34 (242.96) 467.38 (281.03, 650.37) (PNUD et al., 2013)
Gini coefficient 0.49 (0.07) 0.49 (0.45, 0.54) (PNUD et al., 2013)
Social transfer per capita (BRL) 137.84 (110.38) 99.48 (47.28, 214.78) (PNUD et al., 2017)
% informal settlement households 1.05 (4.51) 0.00 (0.00, 0.00) (IBGE, 2020)
% population in informal settlements 0.52 (3.28) 0.00 (0.00, 0.00) (IBGE, 2010)
Population density in informal
settlement (inhabitants/ha) 4.65 (26.60) 0.00 (0.00, 0.00) (IBGE, 2010)

% households without bathroom 3.87 (7.97) 0.43 (0.06, 3.80) (IBGE, 2022)
% sanitation-related hospitalizations 3.16 (4.65) 1.47 (0.59, 3.71) (PNUD et al., 2017)
Activity rate 55.37 (9.24) 55.63 (49.24, 61.22) (PNUD et al., 2013)
% self-employed workers 24.69 (9.85) 22.66 (18.08, 28.69) (PNUD et al., 2013)
Unemployment rate 6.74 (3.83) 6.27 (4.16, 8.62) (PNUD et al., 2013)
% informal workers 56.51 (19.27) 57.17 (40.26, 73.68) (PNUD et al., 2013)
% poor population
spending 1+ hour to work 1.39 (1.56) 0.90 (0.33, 1.91) (PNUD et al., 2013)

% agriculture workers 35.57 (18.25) 36.47 (21.84, 49.30) (PNUD et al., 2013)
% commerce workers 10.57 (4.41) 10.04 (7.25, 13.45) (PNUD et al., 2013)
% service workers 32.46 (8.89) 31.89 (26.13, 38.00) (PNUD et al., 2013)
% industry workers 9.61 (8.92) 6.53 (3.32, 13.29) (PNUD et al., 2013)
Illiteracy rate 11.81 (7.56) 9.38 (5.57, 17.97) (IBGE, 2022)
Expected years of
schooling at age 18 9.46 (1.10) 9.47 (8.75, 10.21) (PNUD et al., 2013)

V
ac

. % people fully vaccinated (2021) 73.32 (14.26) 74.43 (65.28, 82.66) (Brasil, 2022)
% people fully vaccinated (2021-2022) 85.05 (15.02) 86.08 (76.73, 94.80) (Brasil, 2022)

P
ol

. % votes for Bolsonaro (2022 first round) 37.84 (16.66) 39.34 (22.74, 51.21) (TSE, 2022)

SD: Standard deviation.
Q1: First quartile.
Q3: Third quartile.
Vac.: Vaccination data.
Pol.: Political preference data.
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We determined the optimal number of clusters using the validation metrics:
Silhouette Coefficient, Calinski-Harabasz Index, and Davies-Bouldin Index, as presented
in Figure 43. Based on these metrics, we selected the model with five sociodemographic
clusters for the statistical analysis. Figure 44 illustrates the dispersion of municipalities in
the first two principal components. We labeled the clusters as Urbanized, Urbanized with
Informal Settlements, Semi-urbanized, Rural with High Human Development, and Rural
with Low Human Development, based on the descriptive statistics presented in Table 15.
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Figure 43 – Validation metrics for the sociodemographic clustering with different num-
bers of clusters (k). Metrics include: (a) Silhouette Coefficient, (b) Calinski-
Harabasz Index, and (c) Davies-Bouldin Index.
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Figure 44 – Scatter plot of the sociodemographic clusters considering the principal compo-
nent 1 and principal component 2. The point colors represent the sociodemo-
graphic cluster of the municipalities.
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Table 15 – Descriptive statistics of variables across the different sociodemographic clusters.
Variable Median (Quartile 1, Quartile 3)

Urbanized Urbanized with
informal settlements Semi-urbanized Rural with high

human development
Rural with low

human development
% population 0-19 years 25.12 (23.46, 26.87) 27.80 (25.82, 30.43) 29.63 (27.61, 31.83) 23.10 (21.13, 24.97) 38.23 (35.62, 41.96)
% population 20-39 years 28.66 (27.06, 30.35) 31.74 (30.17, 33.37) 29.31 (27.95, 30.70) 25.55 (23.86, 27.18) 30.78 (29.43, 31.95)
% population 40-59 years 27.56 (26.68, 28.48) 26.82 (25.09, 27.79) 25.15 (23.91, 26.36) 28.37 (27.38, 29.44) 20.15 (18.38, 21.85)
% population 60+ years 18.46 (16.19, 20.76) 13.29 (11.09, 15.90) 15.72 (13.74, 17.83) 22.51 (20.26, 25.38) 10.25 (8.21, 12.52)
Life expectancy (years) 75.06 (74.01, 76.00) 74.39 (73.23, 75.70) 70.98 (69.68, 72.29) 74.66 (73.57, 75.80) 70.09 (68.47, 71.41)
% urban population 82.90 (74.07, 90.82) 96.07 (89.29, 99.72) 54.68 (41.15, 66.28) 47.14 (34.06, 58.35) 43.33 (31.62, 53.58)
Population density
(inhabitants/km²) 32.92 (16.82, 74.94) 463.72 (158.88, 1819.34) 20.59 (8.81, 46.51) 18.77 (11.27, 28.25) 10.62 (2.39, 20.67)
Average household size 2.70 (2.61, 2.78) 2.83 (2.71, 2.97) 2.92 (2.80, 3.05) 2.62 (2.54, 2.71) 3.55 (3.34, 4.02)
% crowded households 17.59 (13.56, 22.22) 31.84 (26.42, 38.90) 30.91 (25.67, 36.69) 11.81 (8.39, 16.03) 53.43 (45.55, 65.29)
% male population 49.52 (48.86, 50.19) 48.22 (47.57, 48.89) 50.00 (49.20, 50.85) 50.65 (50.00, 51.32) 51.18 (50.38, 51.90)
% indigenous population 0.07 (0.03, 0.13) 0.16 (0.09, 0.29) 0.09 (0.03, 0.31) 0.04 (0.00, 0.10) 0.16 (0.05, 8.04)
% black and brown
population 44.19 (32.39, 57.27) 68.47 (54.58, 74.26) 74.65 (66.63, 80.73) 26.58 (15.50, 42.79) 81.43 (74.59, 86.01)
Per capita income (BRL) 646.90 (549.92, 770.12) 620.89 (466.69, 820.97) 277.95 (238.25, 334.07) 579.40 (479.55, 720.21) 195.93 (169.71, 229.36)
Gini coefficient 0.46 (0.42, 0.50) 0.51 (0.46, 0.56) 0.52 (0.49, 0.55) 0.46 (0.42, 0.49) 0.59 (0.55, 0.62)
Social transfer per
capita (BRL) 49.89 (30.34, 76.40) 72.54 (43.97, 119.79) 219.56 (164.17, 279.66) 52.94 (27.94, 82.26) 307.56 (248.57, 383.70)
% informal settlement
households 0.00 (0.00, 0.00) 9.54 (3.46, 18.15) 0.00 (0.00, 0.00) 0.00 (0.00, 0.00) 0.00 (0.00, 0.00)
% population in informal
settlements 0.00 (0.00, 0.00) 4.81 (0.51, 12.29) 0.00 (0.00, 0.00) 0.00 (0.00, 0.00) 0.00 (0.00, 0.00)
Population density in
informal settlement
(inhabitants/ha) 0.00 (0.00, 0.00) 49.01 (8.01, 109.21) 0.00 (0.00, 0.00) 0.00 (0.00, 0.00) 0.00 (0.00, 0.00)
% households without
bathroom 0.06 (0.02, 0.17) 0.22 (0.08, 0.78) 3.69 (1.60, 7.50) 0.12 (0.03, 0.37) 25.66 (17.47, 36.38)
% sanitation-related
hospitalizations 0.91 (0.40, 2.00) 0.74 (0.43, 1.47) 2.42 (1.03, 5.47) 1.25 (0.40, 2.74) 7.23 (3.01, 14.67)
Activity rate 59.30 (55.68, 62.66) 57.66 (53.78, 61.45) 49.41 (44.77, 53.94) 63.81 (57.88, 70.85) 47.17 (41.42, 51.34)
% self-employed workers 20.11 (16.98, 24.03) 19.57 (17.21, 22.22) 22.62 (18.05, 27.80) 35.04 (27.34, 44.68) 28.24 (22.06, 36.31)
Unemployment rate 5.94 (4.35, 7.57) 9.96 (8.06, 11.96) 7.56 (5.54, 10.12) 2.53 (1.38, 4.04) 6.91 (4.82, 9.67)
% informal workers 38.27 (29.97, 47.55) 37.65 (31.89, 44.28) 52.12 (45.24, 58.62) 29.57 (22.06, 39.04) 65.52 (53.72, 75.47)
% poor population
spending 1+ hour to work 0.43 (0.19, 0.90) 1.45 (0.69, 3.12) 1.62 (0.94, 2.53) 0.29 (0.07, 0.73) 3.67 (2.37, 5.49)
% agriculture workers 20.95 (12.39, 29.96) 3.00 (1.13, 8.83) 43.84 (34.65, 52.21) 50.67 (43.23, 58.98) 54.08 (44.38, 61.48)
% commerce workers 12.38 (9.80, 15.02) 16.43 (14.64, 19.01) 9.24 (6.85, 11.78) 6.99 (5.40, 8.75) 7.38 (5.11, 9.67)
% service workers 36.03 (31.27, 41.58) 47.94 (42.32, 52.12) 30.41 (25.98, 35.12) 24.60 (20.21, 29.29) 25.80 (21.95, 30.43)
% industry workers 13.86 (7.72, 21.44) 10.01 (6.56, 16.07) 3.64 (2.21, 6.03) 6.37 (3.56, 10.40) 2.71 (1.66, 4.34)
Illiteracy rate 5.75 (4.12, 7.78) 4.61 (3.26, 8.24) 18.84 (14.31, 22.63) 6.87 (4.53, 9.08) 20.02 (13.98, 24.63)
Expected years of
schooling at age 18 9.96 (9.34, 10.59) 9.53 (9.05, 10.05) 8.94 (8.41, 9.48) 10.21 (9.50, 10.89) 8.14 (7.37, 8.83)
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APPENDIX C - Detailed results of the regression models

Table 16 – Estimated coefficients (95% Confidence Intervals (CI)) and goodness-of-fit
statistics for Model 1.

Variable 2020 (first half) 2020 2021 2022 2020-2022
Intercept -9.53 (-9.61, -9.44) -7.53 (-7.57, -7.49) -6.29 (-6.32, -6.27) -8.07 (-8.11, -8.03) -5.91 (-5.93, -5.89)
Urbanized with informal settlements 0.38 (0.20, 0.57) 0.10 (0.01, 0.19) -0.16 (-0.23, -0.09) -0.04 (-0.12, 0.03) -0.09 (-0.15, -0.03)
Semi-urbanized 0.88 (0.74, 1.01) 0.34 (0.28, 0.41) -0.17 (-0.21, -0.13) -0.08 (-0.14, -0.02) -0.03 (-0.07, 0.00)
Rural with high human development -0.01 (-0.21, 0.19) 0.06 (-0.02, 0.14) -0.07 (-0.12, -0.02) -0.08 (-0.16, 0.00) -0.02 (-0.06, 0.02)
Rural with low human development 1.28 (1.05, 1.51) 0.43 (0.32, 0.54) -0.32 (-0.39, -0.24) -0.30 (-0.42, -0.17) -0.10 (-0.16, -0.03)
% population 60+ years -0.28 (-0.34, -0.23) 0.01 (-0.01, 0.03) 0.05 (0.04, 0.07) 0.24 (0.22, 0.27) 0.06 (0.05, 0.08)
% urban population -0.02 (-0.08, 0.05) 0.08 (0.05, 0.11) 0.12 (0.10, 0.14) 0.11 (0.08, 0.14) 0.11 (0.10, 0.13)
Population density (inhabitants/km²) 0.04 (0.01, 0.07) 0.01 (-0.00, 0.03) -0.00 (-0.01, 0.01) -0.01 (-0.02, -0.00) -0.00 (-0.01, 0.01)
% male population -0.17 (-0.22, -0.12) -0.06 (-0.08, -0.03) 0.02 (0.00, 0.03) 0.03 (0.01, 0.05) 0.00 (-0.01, 0.01)
% Indigenous population 0.02 (-0.01, 0.05) 0.03 (0.02, 0.05) 0.03 (0.01, 0.04) 0.01 (-0.01, 0.03) 0.03 (0.02, 0.04)
Gini coefficient -0.01 (-0.06, 0.04) 0.00 (-0.02, 0.02) 0.02 (0.00, 0.03) 0.02 (-0.00, 0.04) 0.01 (0.00, 0.03)
% informal settlement households 0.14 (0.11, 0.17) 0.05 (0.04, 0.07) 0.00 (-0.01, 0.01) -0.01 (-0.03, -0.00) 0.02 (0.01, 0.03)
Population density in informal settlement (inhabitants/ha) 0.02 (-0.02, 0.05) 0.01 (-0.01, 0.03) 0.01 (0.00, 0.02) 0.00 (-0.01, 0.02) 0.01 (-0.00, 0.02)
% sanitation-related hospitalizations -0.04 (-0.08, -0.01) -0.02 (-0.04, -0.00) -0.00 (-0.01, 0.01) -0.02 (-0.05, -0.00) -0.01 (-0.02, -0.00)
% self-employed workers 0.23 (0.17, 0.28) 0.07 (0.04, 0.09) -0.01 (-0.03, 0.00) -0.07 (-0.10, -0.04) 0.00 (-0.01, 0.02)
Unemployment rate 0.19 (0.15, 0.23) 0.05 (0.03, 0.07) -0.02 (-0.04, -0.01) -0.01 (-0.03, 0.01) 0.00 (-0.01, 0.02)
% commerce workers 0.06 (0.01, 0.11) 0.05 (0.02, 0.07) 0.02 (-0.00, 0.03) 0.02 (-0.01, 0.04) 0.03 (0.01, 0.04)
% service workers 0.17 (0.11, 0.23) 0.10 (0.07, 0.13) 0.03 (0.01, 0.04) -0.02 (-0.05, -0.01) 0.03 (0.02, 0.05)
% industry workers 0.15 (0.10, 0.21) 0.08 (0.06, 0.11) -0.01 (-0.02, 0.01) -0.03 (-0.05, -0.01) 0.01 (0.00, 0.03)
Expected years of schooling at age 18 0.08 (0.03, 0.13) -0.01 (-0.03, 0.01) 0.05 (0.03, 0.06) 0.01 (-0.01, 0.03) 0.03 (0.01, 0.04)
% people fully vaccinated 0.00 (0.00, 0.00) 0.00 (0.00, 0.00) 0.08 (0.06, 0.09) 0.06 (0.04, 0.09) 0.06 (0.05, 0.08)
% votes for Bolsonaro 0.02 (-0.04, 0.07) 0.10 (0.07, 0.12) 0.16 (0.14, 0.18) 0.14 (0.11, 0.16) 0.15 (0.13, 0.16)
Statistic
Degrees of freedom 20 20 21 21 21
Residual degrees of freedom 5,539 5,539 5,538 5,538 5,538
Deviance 5,323.38 6,339.26 6,148.99 6,167.09 5,751.35
Pearson’s chi-squared statistic (χ2) 6,833.98 5,973.34 6,049.98 5,586.53 5,657.04
Cox & Snell pseudo-R2 (R2

CS) 0.32 0.21 0.61 0.37 0.56
McFadden pseudo-R2 (R2

McF ) 0.09 0.04 0.12 0.09 0.10
Log-likelihood -10,213 -16,423 -19,829 -12,378 -21,455
Akaike Information Criterion (AIC) 20,468 32,888 39,702 24,799 42,953
Bayesian Information Criterion (BIC) 20,607 33,027 39,848 24,945 43,099

Analysis periods: (i) the first half of 2020, (ii) the year 2020, (iii) the year 2021, (iv) the year 2022,
and (v) the cumulative period (2020-2022).
Note: The variables were standardized.
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Table 17 – Estimated coefficients (95% Confidence Intervals (CI)) and goodness-of-fit
statistics for Model 2.

Variable 2020 (first half) 2020 2021 2022 2020-2022
Intercept -12.56 (-12.64, -12.48) -12.68 (-12.72, -12.65) -12.12 (-12.15, -12.10) -13.79 (-13.82, -13.75) -12.71 (-12.73, -12.69)
Urbanized with informal settlements 0.29 (0.15, 0.43) 0.14 (0.06, 0.22) -0.14 (-0.20, -0.08) 0.02 (-0.05, 0.08) -0.09 (-0.14, -0.03)
Semi-urbanized 0.63 (0.51, 0.75) 0.27 (0.21, 0.33) -0.15 (-0.19, -0.11) -0.02 (-0.08, 0.04) -0.05 (-0.08, -0.01)
Rural with high human development 0.51 (0.30, 0.72) 0.26 (0.18, 0.34) -0.05 (-0.09, 0.00) 0.02 (-0.06, 0.09) 0.01 (-0.04, 0.05)
Rural with low human development 0.61 (0.42, 0.81) 0.25 (0.14, 0.35) -0.29 (-0.36, -0.21) -0.13 (-0.25, -0.02) -0.14 (-0.20, -0.07)
% population 60+ years -0.01 (-0.06, 0.04) 0.10 (0.08, 0.13) 0.06 (0.05, 0.08) 0.28 (0.25, 0.30) 0.08 (0.06, 0.09)
% urban population 0.03 (-0.03, 0.09) 0.08 (0.05, 0.11) 0.11 (0.09, 0.13) 0.08 (0.05, 0.11) 0.11 (0.10, 0.13)
Population density (inhabitants/km²) 0.03 (0.01, 0.05) 0.00 (-0.01, 0.02) -0.00 (-0.01, 0.01) -0.01 (-0.02, -0.00) -0.00 (-0.01, 0.01)
% male population 0.05 (0.01, 0.09) 0.00 (-0.02, 0.02) 0.03 (0.02, 0.04) 0.05 (0.03, 0.07) 0.01 (0.00, 0.02)
% Indigenous population 0.04 (0.02, 0.07) 0.04 (0.03, 0.06) 0.02 (0.01, 0.03) 0.02 (-0.00, 0.04) 0.03 (0.02, 0.04)
Gini coefficient -0.07 (-0.11, -0.03) -0.04 (-0.06, -0.02) 0.01 (-0.01, 0.02) -0.01 (-0.03, 0.01) 0.00 (-0.01, 0.02)
% informal settlement households 0.08 (0.05, 0.10) 0.04 (0.02, 0.05) -0.00 (-0.01, 0.01) -0.01 (-0.03, -0.00) 0.01 (0.00, 0.02)
Population density in informal settlement (inhabitants/ha) -0.01 (-0.03, 0.02) -0.00 (-0.02, 0.01) 0.01 (-0.00, 0.02) -0.00 (-0.01, 0.01) 0.01 (-0.00, 0.02)
% sanitation-related hospitalizations 0.01 (-0.03, 0.04) -0.02 (-0.04, -0.00) 0.00 (-0.01, 0.02) -0.02 (-0.04, -0.00) -0.01 (-0.02, -0.00)
% self-employed workers 0.06 (0.01, 0.11) 0.03 (0.01, 0.06) -0.02 (-0.03, -0.00) -0.06 (-0.09, -0.04) -0.00 (-0.02, 0.01)
Unemployment rate 0.20 (0.16, 0.24) 0.04 (0.02, 0.06) -0.02 (-0.04, -0.01) -0.01 (-0.03, 0.01) 0.00 (-0.01, 0.01)
% commerce workers -0.10 (-0.14, -0.05) -0.04 (-0.06, -0.02) -0.01 (-0.03, 0.00) -0.05 (-0.07, -0.02) 0.01 (-0.01, 0.02)
% service workers -0.04 (-0.10, 0.01) 0.06 (0.04, 0.09) 0.03 (0.02, 0.05) -0.00 (-0.03, 0.02) 0.03 (0.01, 0.04)
% industry workers -0.04 (-0.08, 0.01) 0.02 (0.00, 0.05) -0.01 (-0.03, 0.00) -0.04 (-0.06, -0.02) 0.00 (-0.01, 0.01)
Expected years of schooling at age 18 0.06 (0.02, 0.10) -0.00 (-0.02, 0.02) 0.05 (0.04, 0.07) 0.04 (0.02, 0.06) 0.03 (0.02, 0.04)
% people fully vaccinated 0.00 (0.00, 0.00) 0.00 (0.00, 0.00) 0.08 (0.07, 0.10) 0.07 (0.05, 0.09) 0.07 (0.06, 0.08)
% votes for Bolsonaro 0.03 (-0.02, 0.07) 0.08 (0.05, 0.10) 0.15 (0.13, 0.16) 0.12 (0.10, 0.15) 0.14 (0.13, 0.16)
Statistic
Degrees of freedom 20 20 21 21 21
Residual degrees of freedom 5,539 5,539 5,538 5,538 5,538
Deviance 3,468.36 5,403.91 5,732.97 4,461.53 5,685.81
Pearson’s chi-squared statistic (χ2) 5,274.50 7,263.28 5,826.01 6,715.25 5,712.67
Cox & Snell pseudo-R2 (R2

CS) 0.12 0.09 0.59 0.40 0.58
McFadden pseudo-R2 (R2

McF ) 0.04 0.02 0.11 0.11 0.10
Log-likelihood -8,457 -15,534 -19,443 -11,162 -21,179
Akaike Information Criterion (AIC) 16,956 31,109 38,930 22,368 42,402
Bayesian Information Criterion (BIC) 17,095 31,248 39,076 22,514 42,548

Analysis periods: (i) the first half of 2020, (ii) the year 2020, (iii) the year 2021, (iv) the year 2022,
and (v) the cumulative period (2020-2022).
Note: The variables were standardized.
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APPENDIX D - Sensitivity analysis for regression model

We performed a sensitivity analysis for Model 2 to evaluate its robustness. Specif-
ically, we generated 30 bootstrap resamples for each period to assess variability in model
performance. The results, summarized in Table 18, show minimal variation in goodness-of-
fit statistics across resamples. Similarly, Table 19 highlights that the estimated coefficients
for the model variables remained consistent, indicating no significant changes.

Table 18 – Comparison of goodness-of-fit statistics (95% Confidence Intervals (CI)) between
Model 2 using 30 bootstrap resamples and the reference dataset.

Statistic 2020 (first half) 2020 2021 2022 2020-2022
R2

CS 0.004 (0.0, 0.007) 0.005 (0.002, 0.007) 0.004 (-0.0, 0.008) -0.004 (-0.011, 0.003) -0.0 (-0.004, 0.004)
R2

McF 0.001 (0.0, 0.002) 0.001 (0.0, 0.001) 0.001 (0.0, 0.003) -0.001 (-0.003, 0.002) -0.0 (-0.001, 0.001)
LL -14.544 (-62.831, 33.742) -17.624 (-60.656, 25.408) 55.747 (20.92, 90.575) 37.834 (6.808, 68.86) -0.619 (-50.579, 49.341)
AIC 29.089 (-67.483, 125.661) 35.248 (-50.817, 121.313) -111.495 (-181.15, -41.84) -75.668 (-137.72, -13.616) 1.239 (-98.681, 101.159)
BIC 29.089 (-67.483, 125.661) 35.248 (-50.817, 121.313) -111.495 (-181.15, -41.84) -75.668 (-137.72, -13.616) 1.239 (-98.681, 101.159)

Note: The values represent differences between the statistic calculated from the bootstrap resamples
and the corresponding statistic from the reference dataset, with 95% CI provided.
Analysis periods: (i) the first half of 2020, (ii) the year 2020, (iii) the year 2021, (iv) the year 2022,
and (v) the cumulative period (2020-2022).
R2

CS : Cox & Snell pseudo-R2.
R2

McF : McFadden pseudo-R2.
LL: Log-likelihood.
AIC: Akaike Information Criterion.
BIC: Bayesian Information Criterion.

We also assessed model robustness by conducting experiments excluding outliers
and influential points. Points with Pearson residuals greater than 3 were classified as outliers,
while influential points were identified by a Cook’s Distance greater than 4

observation quantity .
Table 20 shows that removing outliers and influential points improved model performance
for Model 2. However, this removal did not significantly change the coefficients.
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Table 19 – Comparison of the coefficients (95% Confidence Intervals (CI)) between Model
2 with 30 bootstrap resamples and Model 2 using the reference dataset.

Variable 2020 (first half) 2020 2021 2022 2020-2022
Intercept -0.008 (-0.023, 0.007) 0.003 (-0.005, 0.010) 0.003 (-0.002, 0.008) 0.003 (-0.004, 0.010) 0.001 (-0.004, 0.005)
Urbanized with informal settlements 0.006 (-0.024, 0.036) 0.005 (-0.015, 0.024) -0.002 (-0.016, 0.012) 0.004 (-0.011, 0.019) 0.004 (-0.004, 0.013)
Semi-urbanized 0.010 (-0.014, 0.034) -0.001 (-0.012, 0.010) -0.006 (-0.015, 0.002) 0.002 (-0.010, 0.014) -0.004 (-0.012, 0.004)
Rural with high human development 0.017 (-0.022, 0.057) 0.001 (-0.013, 0.015) -0.006 (-0.015, 0.004) -0.006 (-0.018, 0.006) 0.003 (-0.006, 0.012)
Rural with low human development 0.011 (-0.023, 0.045) -0.008 (-0.027, 0.011) -0.006 (-0.024, 0.013) 0.003 (-0.022, 0.029) -0.007 (-0.018, 0.004)
% population 60+ years 0.001 (-0.009, 0.011) -0.001 (-0.005, 0.003) -0.000 (-0.004, 0.003) 0.000 (-0.004, 0.005) -0.003 (-0.006, -0.000)
% urban population 0.002 (-0.011, 0.014) -0.003 (-0.009, 0.002) -0.000 (-0.004, 0.004) -0.005 (-0.012, 0.001) -0.002 (-0.005, 0.001)
Population density (inhabitants/km²) -0.001 (-0.004, 0.003) 0.000 (-0.001, 0.002) 0.000 (-0.001, 0.001) -0.002 (-0.005, 0.000) -0.001 (-0.002, 0.001)
% male population 0.004 (-0.005, 0.012) 0.002 (-0.002, 0.005) 0.001 (-0.003, 0.005) 0.004 (0.001, 0.008) -0.001 (-0.003, 0.001)
% indigenous population 0.003 (-0.003, 0.009) 0.001 (-0.002, 0.003) -0.001 (-0.004, 0.002) 0.003 (-0.001, 0.007) -0.001 (-0.003, 0.001)
Gini coefficient 0.005 (-0.002, 0.013) -0.004 (-0.009, 0.000) 0.002 (-0.001, 0.004) -0.004 (-0.008, -0.001) 0.000 (-0.002, 0.003)
% informal settlement households 0.002 (-0.001, 0.006) 0.001 (-0.001, 0.003) -0.001 (-0.003, 0.002) 0.000 (-0.002, 0.003) -0.001 (-0.002, 0.000)
Population density in informal settlement (inhabitants/ha) 0.000 (-0.004, 0.005) -0.001 (-0.003, 0.001) 0.001 (-0.001, 0.003) 0.001 (-0.002, 0.005) 0.000 (-0.001, 0.002)
% sanitation-related hospitalizations 0.001 (-0.004, 0.007) 0.000 (-0.002, 0.003) -0.001 (-0.003, 0.002) -0.003 (-0.006, 0.000) -0.001 (-0.003, 0.001)
% self-employed workers -0.010 (-0.018, -0.001) -0.000 (-0.005, 0.004) -0.002 (-0.006, 0.002) 0.001 (-0.004, 0.006) 0.000 (-0.003, 0.003)
Unemployment rate 0.000 (-0.007, 0.008) 0.001 (-0.003, 0.006) -0.000 (-0.003, 0.003) 0.002 (-0.001, 0.006) 0.001 (-0.001, 0.003)
% commerce workers 0.003 (-0.006, 0.011) 0.001 (-0.003, 0.006) 0.001 (-0.002, 0.005) 0.000 (-0.004, 0.004) 0.001 (-0.002, 0.004)
% service workers -0.009 (-0.021, 0.003) -0.001 (-0.006, 0.004) -0.002 (-0.006, 0.002) 0.005 (0.000, 0.010) -0.002 (-0.005, 0.002)
% industry workers -0.004 (-0.014, 0.006) -0.001 (-0.006, 0.004) -0.000 (-0.003, 0.002) 0.000 (-0.004, 0.004) -0.000 (-0.003, 0.002)
Expected years of schooling at age 18 0.012 (0.003, 0.021) -0.000 (-0.004, 0.003) 0.000 (-0.003, 0.004) 0.000 (-0.003, 0.004) -0.001 (-0.003, 0.002)
% people fully vaccinated 0.000 (0.000, 0.000) 0.000 (0.000, 0.000) -0.000 (-0.003, 0.002) 0.002 (-0.001, 0.005) 0.001 (-0.002, 0.004)
% votes for Bolsonaro 0.003 (-0.005, 0.011) 0.003 (-0.002, 0.008) 0.001 (-0.003, 0.005) 0.000 (-0.005, 0.005) 0.000 (-0.003, 0.004)

Note: The values represent the differences between the coefficients estimated from Model 2 with
bootstrap resamples and the corresponding coefficients estimated from Model 2 using the reference
dataset, along with their 95% CI.
Analysis periods: (i) the first half of 2020, (ii) the year 2020, (iii) the year 2021, (iv) the year 2022,
and (v) the cumulative period (2020-2022).

Table 20 – Estimated coefficients (95% Confidence Intervals (CI)) and goodness-of-fit
statistics for Model 2, calculated using the dataset excluding outliers and
influential points.

Variable 2020 (first half) 2020 2021 2022 2020, 2022
Intercept -12.76 (-12.84, -12.68) -12.77 (-12.81, -12.74) -12.16 (-12.18, -12.13) -13.84 (-13.87, -13.80) -12.74 (-12.76, -12.72)
Urbanized with informal settlements 0.14 (0.01, 0.28) 0.11 (0.03, 0.18) -0.19 (-0.25, -0.13) -0.01 (-0.06, 0.05) -0.12 (-0.17, -0.07)
Semi, urbanized 0.70 (0.58, 0.82) 0.30 (0.24, 0.36) -0.17 (-0.21, -0.13) -0.02 (-0.08, 0.03) -0.06 (-0.09, -0.03)
Rural with high human development 0.46 (0.25, 0.66) 0.24 (0.16, 0.31) -0.06 (-0.11, -0.02) 0.02 (-0.05, 0.10) -0.02 (-0.06, 0.02)
Rural with low human development 0.70 (0.51, 0.90) 0.22 (0.12, 0.32) -0.38 (-0.45, -0.31) -0.13 (-0.25, -0.02) -0.19 (-0.25, -0.12)
% population 60+ years 0.03 (-0.02, 0.08) 0.10 (0.08, 0.12) 0.07 (0.06, 0.09) 0.27 (0.25, 0.29) 0.08 (0.07, 0.09)
% urban population 0.03 (-0.03, 0.08) 0.08 (0.05, 0.11) 0.11 (0.10, 0.13) 0.09 (0.06, 0.12) 0.12 (0.10, 0.14)
Population density (inhabitants/km²) 0.03 (0.01, 0.06) 0.00 (-0.01, 0.02) -0.00 (-0.01, 0.01) -0.01 (-0.02, -0.01) -0.00 (-0.01, 0.01)
% male population 0.07 (0.03, 0.11) 0.00 (-0.02, 0.02) 0.04 (0.03, 0.05) 0.06 (0.04, 0.08) 0.02 (0.00, 0.03)
% indigenous population 0.04 (0.01, 0.07) 0.04 (0.03, 0.06) 0.03 (0.02, 0.05) 0.02 (-0.01, 0.04) 0.03 (0.02, 0.04)
Gini coefficient -0.06 (-0.10, -0.03) -0.05 (-0.07, -0.03) 0.00 (-0.01, 0.02) -0.01 (-0.03, 0.01) -0.00 (-0.01, 0.01)
% informal settlement households 0.10 (0.08, 0.12) 0.05 (0.04, 0.06) -0.00 (-0.01, 0.01) -0.02 (-0.03, -0.01) 0.01 (0.00, 0.02)
Population density in informal settlement (inhabitants/ha) 0.01 (-0.02, 0.03) -0.00 (-0.02, 0.01) 0.01 (0.00, 0.03) -0.00 (-0.01, 0.01) 0.01 (0.00, 0.02)
% sanitation-related hospitalizations -0.01 (-0.04, 0.02) -0.03 (-0.05, -0.01) 0.00 (-0.01, 0.01) -0.03 (-0.05, -0.01) -0.01 (-0.02, -0.00)
% self-employed workers 0.08 (0.04, 0.13) 0.03 (0.01, 0.05) -0.02 (-0.04, -0.01) -0.07 (-0.10, -0.05) -0.00 (-0.01, 0.01)
Unemployment rate 0.24 (0.20, 0.27) 0.05 (0.03, 0.06) -0.02 (-0.03, -0.00) -0.01 (-0.03, 0.01) 0.01 (-0.00, 0.02)
% commerce workers -0.14 (-0.19, -0.10) -0.04 (-0.06, -0.01) -0.00 (-0.02, 0.01) -0.05 (-0.07, -0.02) 0.01 (-0.00, 0.02)
% service workers -0.04 (-0.09, 0.01) 0.06 (0.03, 0.08) 0.04 (0.02, 0.06) 0.00 (-0.02, 0.03) 0.03 (0.01, 0.04)
% industry workers -0.05 (-0.09, 0.00) 0.02 (-0.00, 0.04) -0.02 (-0.03, -0.00) -0.05 (-0.07, -0.03) -0.01 (-0.02, 0.00)
Expected years of schooling at age 18 0.08 (0.04, 0.12) -0.00 (-0.02, 0.02) 0.06 (0.05, 0.07) 0.04 (0.02, 0.06) 0.03 (0.02, 0.04)
% people fully vaccinated 0.00 (0.00, 0.00) 0.00 (0.00, 0.00) 0.08 (0.07, 0.09) 0.09 (0.07, 0.11) 0.07 (0.06, 0.08)
% votes for Bolsonaro 0.04 (-0.00, 0.09) 0.08 (0.05, 0.10) 0.14 (0.12, 0.15) 0.12 (0.10, 0.14) 0.14 (0.13, 0.15)
Statistic 2020 (first half) 2020 2021 2022 2020, 2022
Degrees of freedom 20 20 21 21 21
Residual degrees of freedom 5,210 5,205 5,220 5,201 5,245
Deviance 2,788.97 4,678.02 5,368.03 3,831.77 5,341.52
Pearson’s chi, squared statistic (χ2) 3,121.01 4,787.65 5,135.19 3,941.4 5,148.05
Cox & Snell pseudo-R2 (R2

CS) 0.18 0.11 0.71 0.49 0.69
McFadden pseudo-R2 (R2

McF ) 0.07 0.02 0.16 0.15 0.14
Log, likelihood -6,809 -13,736 -17,518 -9,572 -19,299
Akaike Information Criterion (AIC) 13,660 27,514 35,080 19,187 38,643
Bayesian Information Criterion (BIC) 13,797 27,651 35,224 19,331 38,787

Analysis periods: (i) the first half of 2020, (ii) the year 2020, (iii) the year 2021, (iv) the year 2022,
and (v) the cumulative period (2020-2022).
Note: The variables were standardized.
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APPENDIX E - Time series of correlations between mortality rates and
sociodemographic variables
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Figure 45 – Time series plot of the Spearman correlation coefficient ρ between the municipal
accumulated mortality rate per 100,000 inhabitants and the sociodemographic
variables. The dashed horizontal line highlights the threshold that distinguishes
positive and negative correlations.

IS: Informal settlements.
SRH: sanitation-related hospitalizations.
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Figure 46 – Small multiples with time series plot of the Spearman correlation coefficient ρ
between the municipal accumulated mortality rate per 100,000 inhabitants
and the sociodemographic variables (rows) for the sociodemographic clusters
(columns): (a) Semi-urbanized, (b) Urbanized, (c) Rural with high human
development, (d) Urbanized with informal settlements, and (e) Rural with
low human development. The dashed horizontal line highlights the threshold
that distinguishes positive and negative correlations.

IS: Informal settlements.
SRH: sanitation-related hospitalizations.
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APPENDIX F - Epidemiological Time Series of COVID-19 for Spain, the
United Kingdom, and the United States
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Figure 47 – Time series of COVID-19 in Spain at the reported date by the health authorities.
(a) new reported cases and (b) new reported deaths.

Source: Our World in Data (Ritchie et al., 2020)
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Figure 48 – Time series of COVID-19 in the United Kingdom at the reported date by the
health authorities. (a) new reported cases and (b) new reported deaths.

Source: Our World in Data (Ritchie et al., 2020)
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Figure 49 – Time series of COVID-19 in the United States at the reported date by the
health authorities. (a) new reported cases and (b) new reported deaths.

Source: Our World in Data (Ritchie et al., 2020)
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APPENDIX G - Time series of COVID-19 Case Fatality Rate (CFR) for
Spain, the United Kingdom, and the United States
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Figure 50 – Time series of COVID-19 Case Fatality Rate (CFR) in Spain.

Source: Our World in Data (Ritchie et al., 2020)
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Figure 51 – Time series of COVID-19 Case Fatality Rate (CFR) in the United Kingdom.

Source: Our World in Data (Ritchie et al., 2020)
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Figure 52 – Time series of COVID-19 Case Fatality Rate (CFR) in the United States.

Source: Our World in Data (Ritchie et al., 2020)
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APPENDIX H - Effective reproduction number for Spain, the United
Kingdom, and the United States
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Figure 53 – Effective reproduction number (Rt) for COVID-19 in Spain. The dashed hori-
zontal line represents the reference value (Rt = 1) used to monitor epidemics.
The Rt time series alternates between outbreak periods (solid line) and non-
outbreak periods (dotted line). Nine outbreak periods, labeled from #0 to #8,
were identified.
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Figure 54 – Effective reproduction number (Rt) for COVID-19 in the United Kingdom.
The dashed horizontal line represents the reference value (Rt = 1) used to
monitor epidemics. The Rt time series alternates between outbreak periods
(solid line) and non-outbreak periods (dotted line). Nine outbreak periods,
labeled from #0 to #8, were identified.
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Figure 55 – Effective reproduction number (Rt) for COVID-19 in the United States. The
dashed horizontal line represents the reference value (Rt = 1) used to monitor
epidemics. The Rt time series alternates between outbreak periods (solid line)
and non-outbreak periods (dotted line). Eight outbreak periods, labeled from
#0 to #7, were identified.
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APPENDIX I - Fuzzy variables fitted for smoothing transitions between
epidemic periods
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a) Fuzzy variable: fast transition epidemic periods

0
1
2
3
4
5

6
7
8
9
10

01/2020
05/2020

09/2020
01/2021

05/2021
09/2021

01/2022
05/2022

09/2022
01/2023

Month/Year

0.0

0.2

0.4

0.6

0.8

1.0

M
em

be
rs

hi
p

b) Fuzzy variable: slow transition epidemic periods

0
1
2

3
4

Figure 56 – Fuzzy variables fitted for smoothing transitions between epidemic periods
in Brazil. (a) Fuzzy variable with partitions representing epidemic periods
with fast transitions. (b) Fuzzy variable with partitions representing epidemic
periods with slow transitions. The colors represent partitions, and shaded
regions depict the 95% Confidence Interval (CI).
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a) Fuzzy variable: fast transition epidemic periods
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Figure 57 – Fuzzy variables fitted for smoothing transitions between epidemic periods
in Spain. (a) Fuzzy variable with partitions representing epidemic periods
with fast transitions. (b) Fuzzy variable with partitions representing epidemic
periods with slow transitions. The colors represent partitions, and shaded
regions depict the 95% Confidence Interval (CI).
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a) Fuzzy variable: fast transition epidemic periods
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Figure 58 – Fuzzy variables fitted for smoothing transitions between epidemic periods in
the United Kingdom. (a) Fuzzy variable with partitions representing epidemic
periods with fast transitions. (b) Fuzzy variable with partitions representing
epidemic periods with slow transitions. The colors represent partitions, and
shaded regions depict the 95% Confidence Interval (CI).
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a) Fuzzy variable: fast transition epidemic periods
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Figure 59 – Fuzzy variables fitted for smoothing transitions between epidemic periods in
the United States. (a) Fuzzy variable with partitions representing epidemic
periods with fast transitions. (b) Fuzzy variable with partitions representing
epidemic periods with slow transitions. The colors represent partitions, and
shaded regions depict the 95% Confidence Interval (CI).
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APPENDIX J - Comprehensive analysis of simulation results for
COVID-19 in Spain, the United Kingdom, and the United States
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Figure 60 – Comprehensive analysis of simulation results for COVID-19 in Spain. (a)
Model outcomes for an eight-day recovery period detailing the population
compartments: Susceptible, Infected, Recovered, and Deceased. (b) Time
series comparison between the effective reproduction number (Rt) estimated
directly from reported deaths and Rt calculated by model simulations. (c) Time
series comparison between new cases reported by health authorities and new
infections in model simulations. (d) Time series comparison between new deaths
reported by health authorities and new deaths in model simulations. (e) Time
series comparison between cumulative cases reported by health authorities and
cumulative infections in model simulations. (f) Time series comparison between
cumulative deaths reported by health authorities and cumulative deaths in
model simulations. Shaded regions depict the 95% Confidence Interval (CI).
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Figure 61 – Comprehensive analysis of simulation results for COVID-19 in the United
Kingdom. (a) Model outcomes for an eight-day recovery period detailing the
population compartments: Susceptible, Infected, Recovered, and Deceased. (b)
Time series comparison between the effective reproduction number (Rt) esti-
mated directly from reported deaths and Rt calculated by model simulations.
(c) Time series comparison between new cases reported by health authorities
and new infections in model simulations. (d) Time series comparison between
new deaths reported by health authorities and new deaths in model simu-
lations. (e) Time series comparison between cumulative cases reported by
health authorities and cumulative infections in model simulations. (f) Time
series comparison between cumulative deaths reported by health authorities
and cumulative deaths in model simulations. Shaded regions depict the 95%
Confidence Interval (CI).
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Figure 62 – Comprehensive analysis of simulation results for COVID-19 in the United
States. (a) Model outcomes for an eight-day recovery period detailing the
population compartments: Susceptible, Infected, Recovered, and Deceased. (b)
Time series comparison between the effective reproduction number (Rt) esti-
mated directly from reported deaths and Rt calculated by model simulations.
(c) Time series comparison between new cases reported by health authorities
and new infections in model simulations. (d) Time series comparison between
new deaths reported by health authorities and new deaths in model simu-
lations. (e) Time series comparison between cumulative cases reported by
health authorities and cumulative infections in model simulations. (f) Time
series comparison between cumulative deaths reported by health authorities
and cumulative deaths in model simulations. Shaded regions depict the 95%
Confidence Interval (CI).
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APPENDIX K - Time-varying model parameters fitted for COVID-19 in
Spain, the United Kingdom, and the United States
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Figure 63 – Time-varying model parameters fitted for COVID-19 in Spain. (a) Basic
reproduction number (R0) varying with time (t). (b) Infection Fatality Rate
(IFR) varying with t. (c) Days to loss of immunity (Ω) varying with t. Shaded
regions depict the 95% Confidence Interval (CI).
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Figure 64 – Time-varying model parameters fitted for COVID-19 in the United Kingdom.
(a) Basic reproduction number (R0) varying with time (t). (b) Infection Fatality
Rate (IFR) varying with t. (c) Days to loss of immunity (Ω) varying with t.
Shaded regions depict the 95% Confidence Interval (CI).
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Figure 65 – Time-varying model parameters fitted for COVID-19 in the United States. (a)
Basic reproduction number (R0) varying with time (t). (b) Infection Fatality
Rate (IFR) varying with t. (c) Days to loss of immunity (Ω) varying with t.
Shaded regions depict the 95% Confidence Interval (CI).
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APPENDIX L - Heatmaps illustrating the model performance for
COVID-19 death forecast across the 41 largest Brazilian municipalities
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Figure 66 – Heatmaps illustrating the Symmetric Mean Absolute Percentage Error
(SMAPE) for COVID-19 death forecasts across the 41 largest Brazilian munic-
ipalities, based on the LSTM model predictions over nine forecasting windows.
The x-axis represents the forecast windows, with each 84-day window labeled
as Wi where i ranges from the first window (W1) to the ninth window (W9).
SMAPE values are shown for (a) the entire forecast period, (b) the first four
weeks, (c) weeks five to eight, and (d) weeks nine to twelve.
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Figure 67 – Heatmaps illustrating the Symmetric Mean Absolute Percentage Error
(SMAPE) for COVID-19 death forecasts across the 41 largest Brazilian munic-
ipalities, based on the Hybrid LSTM model predictions over nine forecasting
windows. The x-axis represents the forecast windows, with each 84-day window
labeled as Wi where i ranges from the first window (W1) to the ninth window
(W9). SMAPE values are shown for (a) the entire forecast period, (b) the first
four weeks, (c) weeks five to eight, and (d) weeks nine to twelve.
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Figure 68 – Heatmaps illustrating the Symmetric Mean Absolute Percentage Error
(SMAPE) for COVID-19 death forecasts across the 41 largest Brazilian munic-
ipalities, based on the Hybrid SIRDS model predictions over nine forecasting
windows. The x-axis represents the forecast windows, with each 84-day window
labeled as Wi where i ranges from the first window (W1) to the ninth window
(W9). SMAPE values are shown for (a) the entire forecast period, (b) the first
four weeks, (c) weeks five to eight, and (d) weeks nine to twelve.
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Figure 69 – Heatmaps illustrating the Symmetric Mean Absolute Percentage Error
(SMAPE) for COVID-19 death forecasts across the 41 largest Brazilian mu-
nicipalities, based on the Ensemble model predictions over nine forecasting
windows. The x-axis represents the forecast windows, with each 84-day window
labeled as Wi where i ranges from the first window (W1) to the ninth window
(W9). SMAPE values are shown for (a) the entire forecast period, (b) the first
four weeks, (c) weeks five to eight, and (d) weeks nine to twelve.
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