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Summary
Background Brazil has faced two simultaneous problems related to respiratory health: forest fires and the high mor-
tality rate due to COVID-19 pandemics. The Amazon rain forest is one of the Brazilian biomes that suffers the most
with fires caused by droughts and illegal deforestation. These fires can bring respiratory diseases associated with air
pollution, and the State of Par�a in Brazil is the most affected. COVID-19 pandemics associated with air pollution can
potentially increase hospitalizations and deaths related to respiratory diseases. Here, we aimed to evaluate the associ-
ation of fire occurrences with the COVID-19 mortality rates and general respiratory diseases hospitalizations in the
State of Par�a, Brazil.

Methods We employed machine learning technique for clustering k-means accompanied with the elbow method
used to identify the ideal quantity of clusters for the k-means algorithm, clustering 10 groups of cities in the State of
Par�a where we selected the clusters with the highest and lowest fires occurrence from the 2015 to 2019. Next, an
Auto-regressive Integrated Moving Average Exogenous (ARIMAX) model was proposed to study the serial correla-
tion of respiratory diseases hospitalizations and their associations with fire occurrences. Regarding the COVID-19
analysis, we computed the mortality risk and its confidence level considering the quarterly incidence rate ratio in
clusters with high and low exposure to fires.

Findings Using the k-means algorithm we identified two clusters with similar DHI (Development Human Index)
and GDP (Gross Domestic Product) from a group of ten clusters that divided the State of Par�a but with diverse
behavior considering the hospitalizations and forest fires in the Amazon biome. From the auto-regressive and mov-
ing average model (ARIMAX), it was possible to show that besides the serial correlation, the fires occurrences con-
tribute to the respiratory diseases increase, with an observed lag of six months after the fires for the case with high
exposure to fires. A highlight that deserves attention concerns the relationship between fire occurrences and deaths.
Historically, the risk of mortality by respiratory diseases is higher (about the double) in regions and periods with
high exposure to fires than the ones with low exposure to fires. The same pattern remains in the period of the
COVID-19 pandemic, where the risk of mortality for COVID-19 was 80% higher in the region and period with high
exposure to fires. Regarding the SARS-COV-2 analysis, the risk of mortality related to COVID-19 is higher in the
period with high exposure to fires than in the period with low exposure to fires. Another highlight concerns the rela-
tionship between fire occurrences and COVID-19 deaths. The results show that regions with high fire occurrences
are associated with more cases of COVID deaths.

Interpretation The decision-make process is a critical problem mainly when it involves environmental and health
control policies. Environmental policies are often more cost-effective as health measures than the use of public
health services. This highlight the importance of data analyses to support the decision making and to identify popu-
lation in need of better infrastructure due to historical environmental factors and the knowledge of associated health
risk. The results suggest that The fires occurrences contribute to the increase of the respiratory diseases
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hospitalization. The mortality rate related to COVID-19 was higher for the period with high exposure to fires than the
period with low exposure to fires. The regions with high fire occurrences is associated with more COVID-19 deaths,
mainly in the months with high number of fires.

Funding No additional funding source was required for this study.

Copyright � 2021 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/4.0/)
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Research in context

Evidence before this study

The emergence of the SARS-Cov-2 related pandemic,
and the high mortality rate associated with people with
health vulnerabilities, require local studies that can
identify groups most vulnerable to the impacts of the
pandemic. The analysis of free and public data in stud-
ies relating environmental aspects, hospitalizations and
current issues related to SARS-Cov-2 allows the prepara-
tion of an approach capable of understanding possible
associations between historical exposure to air pollution
and forest fires to deaths from COVID -19. The amount
and variety of data requires the application of Knowl-
edge Discovery (KDD) techniques like the k-means algo-
rithm. This algorithm aimed to identify groups of cities
in the State of Par�a, with higher and lower incidences of
fire. Burning data are provided by the National Institute
for Space Research (INPE Queimadas) and the period
used comprised the period (2015 to 2019). Populations
residing in places with environmental problems tend to
have greater impacts with the emergence of new
diseases.

Added value of this study

The decision-making process is a critical problem, espe-
cially when it involves environmental and health control
policies. The data regarding recurring fires in Brazil,
especially in the states of the Legal Amazon, can be
used to understand and enable the understanding of
populations at risk from the emergence of pandemics.
The results analyzing the data regarding the State of
Par�a, showed that, as fire occurrences increases the
number of hospitalizations for respiratory diseases also
increases. Additionally, the mortality risk related to
COVID-19 is greater in the period of high fire exposure
than in the period of low fire exposure. The regions
with the highest occurrence of fires are associated with
more deaths from COVID-19, especially in the months
when fires are more intense.

Implications of all available evidence

With this study, we can verify that in no State of Par�a
there was an overlap of situations related to respiratory
diseases. Populations residing in places with
environmental problems tend to suffer more with the
new respiratory diseases. Knowing the data regarding
population health is fundamental the application of
control and prevention policies. We were also able to
correlate the pollution from forest fires in the Amazon
to the increase of hospitalizations and deaths from
COVID-19 using knowledge discovery techniques on
the large amount of data available.
Introduction
In Brazil, changes in agricultural practices and land use
in the last years have directly affected economic and
social development, especially in the region comprising
the Amazon biome.1 One of these practices is the land
clearing using controlled fire.2 However, its indiscrimi-
nate use allied to relaxed policies has considerably
raised the number of fires in the Amazon rain forest,
contributing to its accelerated destruction.3,4 The num-
ber of fires between January and August (2020) were
39% higher than the fire’s average of the last ten years
in the same period in Brazil.5−7

The State of Para in Brazil which owns 24% of Ama-
zon rain-forest accumulated 17% (174,903) of the total
number of fires (939,015) from 2015 to 2019, as regis-
tered by the National Institute for Space Research
(INPE).8 This destruction of the Amazon rain-forest
directly affects the global climate balance.

In addition to the global impacts, previous studies
have demonstrated that air pollution from Amazon fires
is damaging to human local health.9 For example, stud-
ies in local indigenous communities demonstrated that
smoke from fires is one of the main causes of respira-
tory hospitalizations in this population.10,11

Regarding respiratory diseases, December 2019
saw a rapid spread of the beta-coronavirus 2019-
nCOV, found first in the city of Wuhan in the Hubei
province in China, later identified as SARS-COV-2
(Severe acute respiratory syndrome coronavirus 2)
causing the COVID-19 disease.12 COVID-19 symp-
tomatology involves mainly the respiratory system,
varying from a feverish condition with mild respira-
tory symptoms in some patients to, pneumonia and
www.thelancet.com Vol 6 Month February, 2022
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more severe symptoms in other patients.13 The rapid
spread of COVID-19 in Brazilian areas could repre-
sent a bigger challenge to the populations exposed to
smoke from forest fires. Indeed, during the severe
acute respiratory outbreak associated with the Severe
acute respiratory syndrome coronavirus 1 (SARS-Cov-
1) in 2003, patients from areas with high levels of
air pollution exhibited a 200% increase in the rela-
tive risk of death compared with people living in
areas with low pollution content.14

With more than 13 million people infected and 374
thousand deaths as in April 2021, Brazil has suffered
greatly from this disease. The State of Par�a alone has
more than 450 thousand cases of COVID-19 and 11,000
deaths, reaching a mortality rate of 138.3 deaths per 100
thousand inhabitants (OPENDATASUS Brazilian Min-
istry of Health platform).15

Additionally, this outbreak can be potentialized by
poor air quality caused by air city pollution and uncon-
trolled forest fires, however, a better analysis of this cor-
relation is still a challenge due to the large amount of
data. To overcome this challenge, artificial intelligence
approaches like the Knowledge Discovery of Databases
(KDD)16,17 could be applied to this type of data which
requires 4Vs (volume, variety, speed, and veracity).18
Figure 1. Flowchart of the involved steps from pre-processing, clust
(KDD).

www.thelancet.com Vol 6 Month February, 2022
We propose in this work the use of a KDD related
algorithm named k-means, and a time series analysis
(Autoregressive Integrated Moving Average with
Explanatory Variable - ARIMAX) to identify and ana-
lyze clusters of cities more and less affected by the
Amazon forest fires, and the relationship between
these scenarios and the hospitalizations for respira-
tory diseases (HRD), and hospitalizations and mor-
tality rate by the SARS-COV-2 considering the State
of Par�a in Brazil.

This strategy may contribute to the identification of
populations that are more prone to develop respiratory
complications during pandemics given the environmen-
tal risks, guiding public health management, as envi-
ronmental improvements are often more cost-effective
as health measures than the use of public health
services.13
Methods
This work methodology, as presented in Fig. 1 and fol-
lowing sections, focuses on the knowledge discovery
steps for pre-processing, clustering, time series analysis,
and post-processing.
ering (K-means), post-processing until the knowledge discovery
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Pre-processing
The pre-processing steps as presented in the flowchart
of Fig. 1 include the data preparation of databases of for-
est fires, hospitalizations, COVID-19 cases and deaths,
and additional databases used to understand social
aspects of the population studied. These databases are
briefly presented bellow.
Forest fires database. The database provided by
INPE for fires data named BDQUEIMADAS1 is updated
every three hours across Latin America and contains
information on the geographic coordinates of the out-
breaks of fire, biome, smoke concentration in the air,
risk of fire, expected rain, number of days without rain,
date, time and city of the observed focus.8,19,20 The fire
count data is obtained by remote sensing techniques
using a Moderate Resolution Imaging Spectro-radiome-
ter (MODIS) sensor, integrated into the satellite mission
TERRA/AQUA. In this work we selected the data from
2015 to 2020 in the State of Par�a, Brazil.
Health database: Hospitalizations for Respira-
tory Disease (HRD). In Brazil, the Information
Technology Department of the Unified Health System
(SUS) has a platform named TABNET2 that makes data
available, creating an interoperability project between
public health systems and the general community. The
causes of hospitalization are classified according to the
International Classification of Diseases in its 10th itera-
tion (ICD-10), where we considered hospitalizations
related to respiratory diseases (codes J00-J99). The
cases were selected based on the municipality of resi-
dence and time period of hospitalization.21
Health database: Cases and deaths related to
SARS-Cov-2 infection. Due to the emergence of
the SARS-Cov-2 pandemics, the Ministry of Health
implemented through the Secretary for Surveillance
and Health, the surveillance of mild, moderate flu syn-
drome and suspects of having contracted SARS-Cov-2.
Data for all cases of influenza syndrome are collected by
e-SUS NOTIFY and made available to the community
through the platform OPENDATASUS,3 with data from
all patients and information such as date, state, munici-
pality, positive cases, deaths, place of residence and
place of notification.15
4 https://www.br.undp.org/content/brazil/pt/home/idh0.
Complementary databases. To contribute to the
discussion, we incorporated other databases in this
1 https://queimadas.dgi.inpe.br/queimadas/bdqueimadas
2 https://datasus.saude.gov.br/informacoes-de-saude-tabnet/
3 https://opendatasus.saude.gov.br/
study. Data referring to the Municipal Human Develop-
ment Index (MHDI) were collected from the United
Nations Development Programme (UNDP),4 through
UNDP Strategic Plan, 2018−2021. Remembering that
HDI is based on three basic features: long and healthy
life, education and a decent standard of living.22 The
Gross Domestic Product (GDP) is a measure of the sum
of all goods and services found within a territory in
some period. The GDP makes it possible to monitor the
economic activity and economic differences allowing to
analyse its impact on the pandemic control.23 The web-
site that provides GDP data for all Brazilian municipali-
ties is the Brazilian Institute of Geography and
Statistics (IBGE).5

Aerosol data (tiny solid and liquid particles sus-
pended in the atmosphere) were also observed. Exam-
ples of aerosols include windblown dust, volcanic ash,
smoke from fires, and industrial pollution, that can
affect climate and people’s health.10 The NASA Earth
Observations (NEO)6 provides data to the sensor with a
moderate resolution image spectroradiometer (MODIS)
that is aboard NASA’s Terra and Aqua satellites and is
used to monitor the optical thickness of the aerosol on a
given day or over a few days.
Clustering
This work uses an unsupervised machine learning
method of clustering called K-means.24−27 This method
uses the data parameters as dimensions in a Euclidean
space, where using a k number of seeds, the subjects
are grouped given their distance to these seeds. After
each algorithm iteration, the seed position is recalcu-
lated based on the centroid position of its components.
The algorithm ends when no significant change in posi-
tion occurs.20,28 K-means allows us to add points to cen-
tral or centroid nodes, which are determined as the
interest groups in our study.

To determine the ideal number of groups to partition
a data set, the elbow method 29 was used. The elbow
method consists of defining the number of K-groups so
that the total variance within the group is minimized
through the total square sum within the group using
the Within Cluster Sum of Squares (WCSS). In this
case, the quality of the cluster is linked to the average
distance between the burn points and its centroid for
the number of clusters formed.24,30

dðx; yÞ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXn

j¼1
ðxj � yjÞ2

r
ð1Þ
html
5 https://www.ibge.gov.br/estatisticas/downloads-estatisticas.

html
6 https://neo.sci.gsfc.nasa.gov/view.php?

datasetId=MODAL2_M_AER_OD
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where xj and yj are the geographic coordinates (latitude
and longitude) and n is the number of fire occurrences.

WCSS ¼
Xk
i¼1

Xnj

j¼1

dðxj; ciÞ2: ð2Þ

where k is the number of clusters and xj is the point in
space of a given object (coordinate of fire occurrences)
and ci is the centroid of the cluster and n is the number
of fire occurrences.
Post-Processing
To show the impact of fires on respiratory health, two
groups were considered: groups of cities with the high-
est number of fires and the group of cities with the low-
est number of fires in the State of Par�a. After
identifying these groups using the K-means algorithm,
we carried a comparison between hospitalization rate
for general respiratory diseases (HRD) between the
years 2015 to 2019. The hospitalization rate is given by

Hospitalization rate

¼ Totalof monthly hospitalization cases � 100;000

Total population
:

ð3Þ
Time Series Analyses. To take into account the
serial correlation of the time series and to verify howmuch
the fire occurrences influence the HRD, an ARIMAX
model was built. This model is an extension of the ARIMA
(Auto-regressive Integrated Moving Average) model allow-
ing the inclusion of exogenous variables. The usual proce-
dures of identification, estimation and validation are
applied. Details on the ARIMAX can be obtained in.31

When analysing time series to identify trends using
successive differentiation (observation in the moment t
minus the observation in the moment t � 1) is possible
to induce a constant average and, consequently, the sta-
tionarity. Let Ft and Ht be the time series of fire occur-
rences and HRD after r d differences to induce
stationarity if needed. Thus the model ARIMAXðp; d; qÞ
can be written as:

Ht ¼ g1Ft�‘ þ a1Ht�1 þ a2Ht�2 þ⋯þ apHt�pþ ð4Þ

þ �t þ b1�t�1 þ b2�t�2 þ⋯þ bq�t�q þ
where �t is the white noise, and p and q are the auto-
regressive and moving average orders, respectively.
These orders are identified from auto-correlation func-
tions. Indeed, the cross-correlation can be evaluated to
identify the lag ‘ of the fire variable to explain the HRD.
To evaluate the contribution of the independent variable
F, the Akaike Information Criterion (AIC) and likeli-
hood rate test are taken into account. The usual residual
www.thelancet.com Vol 6 Month February, 2022
assumptions of serial correlation, normality, and con-
stant variance were checked after the model estimation.
SARS-Cov-2 Analyses. With the analysis of the
HRD potentiated by fires, the analysis of deaths by
SARS-Cov-2 by place of residence was performed. The
SARS-Cov-2 data were extracted from the OPENDATA-
SUS website for the year of 2020.

We considered the mortality rate for each cluster per
100 thousand inhabitants are given by

Mortality rate

¼ Number of SARS � Cov� 2 deaths� 100;000

Total population
;

ð5Þ
instead of the case fatality rate (CFR) (percentage) or
lethality rate (ratio) that require the number of SARS-
Cov-2 positive cases which are difficult to estimate due
to the lack of a broad testing in the population. The CFR
data may be biased, since in Brazil COVID-19 reported
cases are highly dependent on the quality and quantity
of tests applied in each region, testing policies, under-
reporting of cases, and even duplicate cases due to rein-
fections.

To compute the mortality rate ratio (MRR) we com-
pare the risk of mortality between the two clusters, one
including the cities with the highest number of fires
(HF) and the other with the lowest number of fires (LF)
in the State of Par�a. We aggregated the data in quarter
periods and used the following expression:

dMRR ¼ Mortality rate in cluster HF
Mortality rate in cluster LF

¼ DeathsHF=PopulationHF

DeathsLF=PopulationLF
:

ð6Þ
To evaluate if the estimated dMRR indicates risk or

not, the confidence interval (CI) need to be computed.
Like the risk ratio, the MRR is not normally distributed,
but its natural log is. With the standard deviation (SD)
of the log rate ratio, cSD½lnðbIRÞ� ¼ 1

DeathsHF þ 1
DeathsLF

� �1
2

,
it is possible to compute the 95%CI of MRR as:

elnð
cMRRÞ§ 1:96bSD½lnð cMRRÞ�: ð7Þ
Role of the funding source
No additional funding source was required for this
study.
Results

Fire occurrences in Brazil
Fig. 2 shows the spatial distribution of fires registered in
the INPE database in all Brazilian states of cumulative
occurrences from 2015 to 2019.
5



Figure 2. Spatial distribution of the sum of the number of fires (red dots sizes) in the last 5 years (2015−2019) before the
pandemic in Brazil states. (For interpretation of the references to colour in this figure legend, the reader is referred to the
web version of this article.)
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The State of Par�a, located in the Brazilian Amazon,
has the highest incidence of fires in the last 5 years,
with more than 170,000 fire occurrences. Par�a owns
20% of the Amazon forest in its territory and 24% of
the fires reported in Brazil occur in this state. Thus, we
selected this state to perform a more detailed analysis,
since there is a need to understand these values within
the State of Par�a through a spatial distribution.
Finding clusters with similar fire occurrences
To understand whether fires occur more frequently in
some group of cities in the State of Par�a, the k-means
algorithm was implemented together with the elbow
method. Fig. 3 illustrates the results of the elbow
method indicating an ideal number of clusters equal to
ten, and Fig. 4 show the quantity of fires for each cluster
of cities identified for the State of Par�a.

It’s possible to highlight in Fig. 4 the clusters 1 and 4
that had the highest number of fires and the lower num-
ber of fires respectively. Cluster 1 is formed by five cities
with a population estimated to be 268,831 inhabitants
in the year of 2020: Altamira, Itaituba, Jacareacanga,
Novo Progresso, and Trair~ao; cluster 4 is formed by
twelve cities: Alenquer, Almeirim, Belterra, Curu�a,
Faro, Juruti, Moju�ı dos Campos, Monte Alegre, �Obidos,
Oriximin�a, Santar�em, and Terra Santa, with an esti-
mated population total of 710,867 people.
Observing Human Development Index (HDI) and
Gross Domestic Product (GDP) on the clusters
After the identification of the groups of cities with the
highest and lowest rate of fires in the State of Par�a (clus-
ter 1 and 4, respectively), we observed the Human
Development Index (HDI) and Gross Domestic Product
(GDP) of both clusters. In Fig. 5 the distribution of HDI
and GNP in the State of Par�a.

The data in Fig. 5 indicate that the cluster 1 has the
highest HDI and GDP in Par�a, although the demo-
graphic density differs between them. Both clusters
have large areas with high HDI and GDP compared to
other clusters of the State of Par�a, contributing to a fair
comparison between them.
Time Series Analysis to investigate fire occurrences
influence on HRD
Before building the time series model, the cross-correla-
tion function was investigated to identify the lag time
between fire occurrences peaks and respiratory diseases
www.thelancet.com Vol 6 Month February, 2022



Figure 4. Graphic with the quantity of fires distribution by cluster in the period from 2015 to 2019. Cluster 1 (red) higher frequency
of fires and Cluster 4 (blue) lower frequency of fires. (For interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article.)

Figure 3. Elbow graphics with the Within Cluster Sum of Squares (WCSS) for State of Par�a and fire occurrences for cluster quantities
from 1 to 20. The red triangle indicate the chosen cluster number where WCSS is not decreasing so much. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)
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peaks. We identified a lag of 6 months that can be visu-
alized in Figure 6, alongside the HRD data and fire
occurrences considering the clusters 1 and 4.

In Fig 7, the HRD, as well as the ARIMAX models
for clusters 1 and 4 are presented. The estimated param-
eters are in Table 1. The variable related to aerosols
could also be included in the model, but because it is
highly correlated with fire occurrences, it was not added
to avoid multicollinearity.

We can see in Fig. 7 the proposed models (red
dashed lines) explain well the HDR data. From Table 1
www.thelancet.com Vol 6 Month February, 2022
we confirmed the fire occurrences lagged in about 6
months influence increasing the HRD in both clusters
(positive estimates). Observing Fig. 7, only the HRD
time series in C1 presented a trend (of decreasing)
requiring differentiation. One difference (d ¼ 1) was
enough to induce stationarity. Because of that, the HRD
average was not estimated (too close to zero after differ-
entiation) in C1. For C4, the estimated HDR average
during the investigated period was 2.85 (Table 1) and
the moving average parameter represents the temporal
correlation of the HRD time series.
7



Figure 6. HRD and fire occurrences time series for clusters 1 and 4.

Figure 5. HDI and GDP of the cities of the State of Par�a.

Estimate SE p-value

ARIMAX(0,1,0) for HRD in C1 Lagged Fire Occurrences 0.0005 0.0002 0.0189

ARIMAX(0,0,1) for HRD in C4 Lagged Fire Occurrences 0.0009 0.0003 <0.0001

b1 0.5811 0.1119 <0.0001

HDR average 2.8545 0.1338 <0.0001

Table 1: Estimated parameters, Standard Errors (SE), and p-values of ARIMAX models for HRD time series of C1 and C4 in the State
of Par�a. As for cluster 4, the HRD time series was not differentiated ðd ¼ 0Þ and it has moving average coefficients (b1), a constant term
(HRD average) needs to be included in this model.

8 www.thelancet.com Vol 6 Month February, 2022
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Figure 7. Hospitalization rate time series for general respiratory diseases (HRD) (black line) and ARIMAX models (red dashed lines) in
clusters 1 and 4. The HRD in the y axis represents the hospitalization rate in 10 thousands hospitalizations. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)
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Although not presented, we also compared the pro-
posed models with similar ones removing the lagged
fire occurrences variable. The results were worse.
Besides the visual improvement of the proposed mod-
els, statistical measures (AIC and likelihood rate test)
also proved this fact, corroborating again the influence
of fires on HRD.
Association of fires with SARS-Cov-2 mortality and
respiratory diseases
To verify the impact of SARS-Cov-2 in families residing
in clusters 1 and 4, we elaborated maps related to the
behavior of these two regions during the year 2020. In
Fig. 8, map 1 represents the distribution of air pollu-
tants in the State of Par�a during the year 2020 (clusters
1 and 4 are highlighted). It was found that cluster 1
presents higher values of air pollutants, which is in line
with the pattern of annual burnings in this region.

In map 2 of Fig. 8 the HRD in the year of 2020
across the State of Par�a are represented showing a
reduction in the number of HDR for the year of 2020
(186.21 in cluster 1 and 300.9 in cluster 4) when com-
pared to the average HDR for 2015−2019 (806.78 in
cluster 1 and 392.71 cluster 4).

To evaluate if the SARS-Cov-2 pandemic affects the
number of cases of respiratory diseases in the regions
with fire occurrences, we evaluated the mortality rates
of COVID-19 in the State of Par�a that are shown in
Fig. 9, where we can see that the highest rates are
observed in cluster 1. To see the historical pattern of
mortality for both respiratory diseases and COVID-19,
Fig. 10 shows these rates for the quarters of the years
www.thelancet.com Vol 6 Month February, 2022
from 2015 to 2020 (top and middle), and also the
COVID-19 mortality rates per quarter in the year 2020
(bottom). The fire occurrences are also shown in this
figure for the other years’ quarters. We can see that the
mortality rate for respiratory diseases is higher in clus-
ter 1 where there are more fire occurrences indepen-
dently of the period of the year. Regarding the COVID-
19 mortality, the rate is also larger in cluster 1 than in
cluster 4, mainly in the third quarter when the fire
occurrences are higher than in the other quarters. Thus,
it allows us to raise a possible vulnerability to respiratory
complications in cluster 1.

Considering the data presented in Fig. 10, we
computed the MRRs (Eq. 6) as well as their CI
(Eq. 7). For the mortality rates of respiratory diseases
in the period from 2015 to 2019 (before pandemic),
we presented the MRRs in the Fig. 11(a). In 2020,
the MRRs can be saw separately for the mortality of
respiratory diseases and COVID-19 in Figures 11(b)
and 11(c), respectively.

Fig. 11 a shows that the mortality rate ratio was twice
greater for all quarters except for quarter 2 during 2015
−2019. Figure 11 b shows that the mortality rates from
respiratory disease were not statistically different between
the clusters throughout the year 2020. It is the same for
Figure 11 c except that the mortality from COVID-19 was
1.8 times greater in cluster 1 in quarter 3.

Fig. 10 showed this slight reduction. On the other
hand, considering the mortality rate for COVID-19, the
MRR comes again to 1.8 (Fig. 11(c)) in the third quarter
period, when most of the res occur, indicating that the
risk of mortality in the third quarter was about 80%
higher in cluster 1 than in cluster 4.
9



Figure 9.Mortality Rate for SARS-Cov-2 in the year 2020 in the State of Par�a.

Figure 8. Map 1 represents the optical thickness (less than 0.1 indicates a crystalline sky with high visibility; 1 indicates the presence
of dense aerosols). Map 2 represents the HRD in 2020.
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Discussion and final remarks
The overlap between res and the SARS-Cov-2 related
pandemic has shown the urgent need to determine the
relationship between fires and respiratory diseases and
ultimately the relationship with COVID-19 respiratory
complications. This is fundamental to guide public
www.thelancet.com Vol 6 Month February, 2022



Figure 10.Mortality Rate time series for Respiratory disease (Top and Middle) and Mortality Rate SARS-CoV-2 (Bottom). Blue and Red
bars refers to Cluster 1 and 4, respectively. Black continuous and dashed lines refers to Fire occurrences in clusters 1 and 4, respec-
tively.
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health actions in different locations considering the vul-
nerability of the specific population. The State of Para is
the second largest state in Brazil.32

As of 2015, the intensification of the El Nio phenom-
enon was identified, causing the warming of waters on
the surface of the Pacific, leading to the suppression of
rains in eastern Amazonia and an increased risk of
burning, mainly in the States of Maranh~ao, Mato
Grosso and Par�a33 causing droughts and forest fires.
Besides that, 2020 saw the highest occurrences of forest
fires in the Amazon territory in the last ten years, affect-
ing the respiratory health of the population, exacerbat-
ing the population’s vulnerability.34.
www.thelancet.com Vol 6 Month February, 2022
The occurrence of major fires in Brazilian and
worldwide has drawn attention to the environmental
problem, but measures to prevent and control their
impacts are still insufficient.35 The burning of bio-
mass produces gaseous pollutants and fine particu-
late matter, which produce detrimental effects on the
respiratory system.36 Among the major components
of wildfire smoke that can affect ambient air quality,
is important to mention the fine particles PM2.5 and
PM10 (particles with a diameter of less than 2.5 and
10 mm respectively), whose effects are expected to fur-
ther increase when their concentrations get above air
quality standards.37.
11



Figure 11.MRR and the 95% CI.
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The identification of the populations at risk for respi-
ratory complications is of fundamental importance for
the control of SARS-Cov-2 pandemic and future pande-
micse.38 Epidemiological studies relating to air pollu-
tants and deaths from SARS-Cov-2 infection are
receiving scientific attention. Methods on how the varia-
bles highlighted for the respiratory system can exacer-
bate the symptoms of COVID-19 and increase the risk
of coverage,39 allowing public and environmental agen-
cies to take preventive measures.40 The coronavirus
(SARS-Cov-2) is generating a higher mortality rate and
deaths mainly in people with comorbidities. For exam-
ple,41 outdoor air pollution causes significant morbidity
and mortality. It can affect the respiratory system
(exacerbation of asthma and chronic obstructive pulmo-
nary disease) and the cardiovascular system (clearing
arrhythmia, heart failure, and strokes).

Pollution generated by forest fires generates particles
known as aerosols and long-term exposure to these par-
ticles increases the severity of outcomes associated with
hospitalizations and mortality associated with COVID-
19 as also identified by.42 The global pandemic of
SARS-Cov-2 has been linked to infections and deaths
among people in polluted environments. The aerosols
inhaled by people who have respiratory diseases have
shown significance with the increase in hospitalizations
according to,43, and the forest fires greatly contribute to
this factor. Moreover, several studies have reported the
SARS-Cov-2 virus has a greater impact on people who
already have some comorbidity, e.g. asthma, which is
more prevalent in polluted regions.44

The analysis of free and public data of studies relat-
ing environmental aspects, hospitalizations and current
topic related to SARS-Cov-2 allows the elaboration of an
approach to study potential associations between histor-
ical exposure to atmospheric pollution and the
increased vulnerability to deaths by COVID-19. One of
the limitations in the development of studies is the lack
of more specific details of hospitalizations for respira-
tory diseases and data on pre-existing vulnerabilities in
deaths from SARS-Cov-2. The regionalized analysis pro-
posed in this study does not guarantee the replicability
of the results for large representative populations, or
even for other cities in the State of Par�a. Our study uses
space and time approaches to analyze events regularly
applied in many areas of research. Using our study as
an example, we summarize the unmeasured limitations
and confounding factors for future research.

Among the main limitations in working with public
health data concerning deaths from SARS-Cov-2, practi-
cally in real-time, are the restrictions on data and indi-
vidual risk factors such as age, race, comorbidities, and
data on smoking for example. Considering the spatial
scale, it was not possible to carry out in this work ana-
lyzes at the individual level, which can affect the data
association between group of cities. Additionally, the
data on COVID-19 diagnosis or case-fatality rate lack
accuracy due to the irregular testing policies or more
precise information available in some cases, which can
make the findings in this systematically biased. Despite
this, our work brings very important results contribut-
ing to a better understanding of the behavior of respira-
tory illnesses due to SARS-Cov-2 in areas with a high
incidence of burns, highlighting the importance of spe-
cific care in the more vulnerable areas.

Regarding the application of machine learning tech-
niques for knowledge discovery in a large amount of
data, our proposed method combining the k-means
algorithm, the elbow method, and time series analysis
successfully outlined and corroborated with the previ-
ous hypothesis that the population exposed to pollution
from forest fires were more susceptible hospitalizations
www.thelancet.com Vol 6 Month February, 2022
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and deaths during the SARS-COV-2 pandemic. Previous
works attempted to make this correlation or to suggest
machine learn techniques to extract such information
like in the work of45 that only suggest several techniques
for clusterization to obtain COVID-19 related insights,
the work of46 that carried a space-time serious analysis
over forest fires data, and the work of47 that employed
the k-means algorithm to cluster and analyse air pollu-
tion data. However, none of these works brought
insights regarding respiratory diseases and the SARS-
COV-2, which highlight the importance of our findings
regarding insights to public policy related to health
management and environment.

With this study, we can see that in the State of Par�a
there was an overlap of situations related to respiratory
diseases. Populations residing in places with environ-
mental problems tend to have greater impacts on the
emergence of new diseases. Knowing the populations is
of fundamental importance for the application of con-
trol and prevention policies. Applying to COVID-19 all
the responsibility for the high mortality rate may not be
the most correct way to interpret the impacts of the pan-
demic, as there are potentializing factors, in this case,
the high rate of hospitalizations for respiratory diseases
associated with the practice of burning.
Editor note
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affiliations.
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